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Preface
I am proud and very pleased to be able to present this thesis which concludes a period of six
wonderful years. It was autumn 2008 when I realized that I needed a new challenge to
complement my work at Imtech Traffic & Infra (Peek Traffic at that time). A full-time PhD
position had never appealed to me, but I had heard about the possibility of a part-time
position, which seemed ideal. Within months I had found the necessary contributions from the
Centre for Transport Studies at the University of Twente and Imtech Traffic & Infra to make
this thesis possible. Early 2009 I could start. In the first few years I was a PhD student in need
of a research topic, one that matched the interest of Imtech Traffic & Infra, the Centre for
Transport Studies and of course myself. I found it extremely difficult to converge until I
attended a workshop on Travel Behaviour, Modelling and Optimization (as part of IEEE
ITSC). It was here when I first met Prof. Hesham Rakha and Prof. Erel Avineri. Their
presentations inspired me to explore the relation between user perception and choice
behaviour, and ways to exploit perception bias and behavioural imperfections in favour of
societal objectives. Advantageously, the search had helped me to learn about my strengths and
weaknesses as a scientist and it had become clear to me that I had to focus on empirical
research and conceptual and theoretical design. Fairly soon I had drafted various plans for
data collection, ranging from internet surveys to face-to-face interviews to driving simulators.
This was perhaps the period that I enjoyed most because it involved a lot of interaction with
respondents, co-workers and students. Once the results became available and I presented them
in papers and at conferences I entered a new phase of my research. The feedback I received
made me realize that it required several more iterations to reach the necessary level of
convergence, precision and definition. I am thankful for the mix of enthusiastic, constructive,
critical feedback that I received as it helped me tremendously to shape my thoughts, progress
and eventually highlight my contributions to the state-of-the-art.
The combination of working as a researcher for Imtech Traffic & Infra and as a PhD at the
University of Twente, in my experience, proved to be very successful. Both worlds can learn
a lot from one another and I found it exciting to operate right in the middle, where theory and
practice meet. Further, as an employee of Imtech Traffic & Infa I had access to people, data
and tools which are normally not so easily available to a PhD student. Conversely, on multiple
occasions, company projects could benefit from the knowledge which my research had
generated. Although two part-time positions may seem very inefficient at first, I experienced
that the forced breaks from research allowed my research findings to settle and reflect on
decisions and obstacles before continuing. As a result, I scarcely felt that I lost time. Although
all of this sounds great, it was not a walk in the park either. Two part-time positions generate
more work than a 40 hour work week can accommodate and it was a continuing challenge to
reserve two days a week for my research. It is fair to say that this was not the most fun part,
but in retrospect it was absolutely worth the effort. As expected, there were three periods
which I experienced as most challenging. One was in the beginning when I wondered what
exactly to research, the second was halfway when I questioned what trouble I had gotten
myself into, and the third period was at the end when I wondered how I could finally wrap
things up. I mention this, first because I think that each PhD will encounter these or similar
hurdles but there is no need to panic, because, and secondly, I believe that each research can
make a huge leap in quality when these questions are well thought-out.
Finally I would like to devote a few words of appreciation to those that contributed to my
research. First of all, I am very grateful to Imtech Traffic & Infra for their trust in me and their
investment by allowing me to spend two-fifths of my time on this research. In particular, I
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would like to thank Nathalie, Willem and Herman for their support in getting it all started, and
Christel, Olav and Klaas for ensuring continuity till the very end. Next I would like to thank
my promotors Eric van Berkum and Bart van Arem with whom, in my opinion, I have been
very fortunate. Bart, I can well remember the first meetings we had to discuss the possibility
of starting a PhD research. Your enthusiasm and thoroughness convinced me that this was the
right choice for me. I am happy that you remained involved after you left to Delft University
and highly value our discussions concerning content as well as personal matters. Eric, as you
became my promotor a little later in the process, our collaboration started with a little backlog
and it took quite a few iterations before we arrived on the same page. However, from that
point onwards I think we both felt we were on to something, had a shared opinion on various
topics and were able to convince each other about alternative perspectives. I appreciate your
desire to grasp the very detail of things and hold great memories of our conference visits and
road tour in Virginia in particular.
Further, I owe special thanks to my co-workers Tom, Jing and Ramon who co-authored some
of the papers which are included in this thesis. It was an absolute joy to exchange ideas with
you and seek for the relation between your and my research. Similarly, I would like to
acknowledge my Imtech Traffic & Infra colleagues Anne, Roald, Martijn, Frank and Sander,
my university colleagues Sander, Kasper and Wouter, graduate students Mariska, Roeland,
Michael and Wilco, and dozens of undergraduate students for their help in survey design
and/or data collection. Without your help it would not have been possible to collect all the
material that I used to prepare this thesis. Additionally, I would like to express my
appreciation towards the municipalities of Enschede and Amersfoort for their financial
support and/or approval to execute surveys in their city. I am equally grateful to Prof. Hesham
Rakha for sharing one of his data sets, our discussions and the exchange since, which I hope
we can continue in the future. Next I would like to mention Cornelie, Diny, Petie, Conchita,
Michael, Andrew, Marc, Pete, Roger and Andy who carefully reviewed my writing and
editing, and Siebe who designed the covers of the thesis. I am very happy with your help in
these last weeks! There are two colleagues whom I did not mention yet because they could
have fitted in nearly all categories: Eric and Robbin, my fellow-researchers at Imtech Traffic
& Infra and paranymphs at my defense. It is a great pleasure working with you and I think
that together we make an excellent team. Many thanks for your ideas, support and patience
over the past six years.
The ones who made the most important contribution are usually thanked the last. Emma, you
were born when most of my research was still ahead of me and your presence suddenly made
it very easy to set my priorities. As small as you were, you taught me many important lessons
about life, which helped me putting other things in perspective and taking my mind away
from work. During the past year, ‘papa and ‘working in the attic’ started to naturally belong
together. Not to repeat all the usual clichés, as right as they may be, I would like you to know
that to me you are perfect the way you are. Marlies, there is no one else in the world who
better understands my personal perceptions and dynamics than you. We share many values
and I am extremely proud and thankful that we dared to explore unknown terrain together. I
admire your positive attitude, your passion and devotion. Lastly, I am very grateful for your
support, patience and care, which were always there, even when I had to travel again, was
complaining about work or research, or when my mind was occupied. To me you are
exceptional; there is no threshold to quantify that.
Jacob Dirk (Jaap) Vreeswijk
February 2015
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1.

Motivation, objective and scope

1.1

Introduction

Mobility and the environment are high on the agenda of nearly every city, region and national
government, aiming for efficient and effective movement of people and goods. Due to
scarcity of public space the need to better utilise existing system capacity is widely
recognised. In days gone past the optimisation of the traffic infrastructure was driven by
traffic engineers and based on undiscriminating but objective measures like flow rates, speed,
occupancy, etc. With Information and Communication Technology (ICT) rapidly emerging in
the transport arena and changing mobility patterns, there is a demand as well as an
opportunity for a more sophisticated level of mobility management with greater public
influence. Moreover, the quest regarding the mobility of people has become the inclusion of
the human element and literarily how to ‘move’ people towards more sustainable choices. As
a result, the relatively abstract concept of traffic demand has been replaced by individual
human travellers and road authorities and traffic engineers have to deal with the subjectivity
present in mobility. Behaviour and human factors in relation to transport policy is already
gaining momentum, as inevitably, an alternative more human-individual-centric approach is
needed. This requires research on an array of topics, for example the one presented in this
thesis. To understand travel choice behaviour it is crucial to recognise the importance of user
perception and to realise that better knowledge of perception bias (‘irrational’ from the
perspective of objective travel time) will contribute to more accurate predictions of choice
behaviour and will highlight different and new approaches, eventually increasing the
effectiveness of transport policy and traffic management.
This thesis deals with perceptual imperfections in relation to choice behaviour of travellers,
the effects on the prediction of choice outcomes, and the implications and/or opportunities for
transport policy and traffic management. The primary intended audience of this thesis is
behavioural scientists and traffic modellers, but also explicitly includes policy makers, road
operators and traffic engineers who are concerned with daily operational traffic management.
The purpose of this thesis is: (1) to demonstrate which behavioural theories are most useable
for integration in transport policy and traffic management; (2) to derive empirical evidence
and descriptive conclusions to support assumptions on choice behaviour, but without the
desire to immediately integrate these findings into modelling or optimisation algorithms, and
(3) to develop basic principles to incorporate the obtained findings in daily practice.
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Problem formulation

Traffic management in today’s traffic system is likely to create both winners and losers.
Travellers usually aim to keep their own travel time and travel cost to the minimum, whereas
road authorities aim to optimise the productivity of the entire road network and to minimise
network travel time, while safeguarding traffic safety and the environment. In dense traffic
systems that are close to saturation point, it is almost inevitable that traffic management
strategies optimising one aspect of performance will adversely affect another, for example
optimising vehicle flow over pedestrian crossing time or prioritising public transport vehicles
over other road users. Therefore, perhaps the biggest challenge for road authorities is to find
solutions that achieve an efficient reallocation of network capacity over time and space
without seriously violating travellers’ preferences and subjective levels of acceptability for
mode, route and departure and/or arrival time.
It is widely acknowledged that there exists a conflict between individual and collective
interests, also known as a social dilemma (Van Vugt, 1996). In a social dilemma, people are
tempted to act in their own interest in favour of personal benefits because individual
contributions to collective mobility problems seem futile and at the same time solutions that
support the collective may seem individually unfair (Steg, 2007). Fairness, equity and
acceptability are closely related (Steg and Schuitema, 2007). It is intuitive that traffic
management strategies that create unfavourable conditions for groups of individual travellers,
such as increasing travel time or cost, can account for a negative effects on fairness, equity
and acceptability (Carrignon and Buchanan, 2009). In the worst case travellers may react in a
way that actually counteracts the desired effect of the measure or causes new, even more
detrimental, problems. Therefore, measures of effectiveness should not only include the
efficiency of the transport system, but also its equity or fairness, its effect on the environment,
and the qualitative experience that users enjoy (Levinson, 2002). Without consideration of the
perspective of individual travellers, traffic management strategies supposedly have been less
effective than they could or should have been. In that sense perceived individual equity
contributes to efficiency (Levinson, 2010).
The central question that stems from the problem formulation is: how does travellers’
behaviour change in response to changes in the performance of the traffic system, especially
changes resulting from traffic management measures? The root problem related to this
question is that detailed quantitative empirical research on travellers’ perception of fairness,
acceptability and performance indicators in the context of travel choice behaviour and
decision making in transport is rare and, as a result, available knowledge it limited.

1.3

Travel choice behaviour

Travel behaviour can best be explained with the classic four-stage transport model that is
often used in transport research to model and predict traffic flows (Ortuzar and Willumsen,
1994). The four stages are: trip production and attraction (what activity to do?), trip
distribution (where to do it?), modal split (what mode of transport to use to get there?) and
traffic assignment (what route to take?) (see Figure 1). Travellers have to makes choices in
each of these steps, which can change according to transport policies. For instance, travellers
can decide to change their route, their destination choice, their mode choice, their departure
time, the trip frequency or decide to combine trips. Longer term decisions may involve
changes in vehicle ownership (also type) and location choice (residence and work), which are
long term decisions (Van Amelsfort, 2009).
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Figure 1: The classic four-stage transport model (Ortuzar and Willumsen, 1994)
1.3.1 Neo-classical utility maximisation
For decennia, transport engineers and scientists have been inspired by economic science. First
generation traffic theories and traffic models are based on the neo-classical thinking of the
human decision maker as a utility maximising computer. Wardrop’s equilibrium principles
are among those that are best known (Wardrop, 1952). In a user equilibrium (UE) each
individual traveller aims to increase its own utility while the travel times of all used routes are
equal or less than the travel time that would be experienced by a single vehicle on any unused
route. Hence, no traveller can increase utility by unilaterally switching routes. Contrarily, in a
system optimum (SO) the average or network travel time is at its minimum and travellers may
in fact benefit from switching to a different route.
Underlying assumptions of neo-classical utility maximising theory is that humans are rational
decision makers and above all perfectly informed about the available choice alternatives.
Moreover, it is assumed that they know the value of the different options available to them,
that they are cognitively unhindered in weighting the implications of each potential choice,
and that they are able to derive the optimal choice. In other words, people are presumed to be
making logical and sensible decisions and quickly adapt their choice to changing conditions.
1.3.2 Traffic system dynamics
Decision-making plays an important role in the traffic system dynamics and equilibrium
theory. The main principles of traffic system dynamics are schematically presented in Figure
2 and discussed below. For a more elaborate discussion of equilibrium analysis of transport
networks the reader is referred to Sheffi (1985). In Figure 2, the demand side represents
travellers and their behaviour whereas the supply side represents road authorities and their
measures (including physical infrastructure). The performance of the traffic system is
assessed in the light of policies and preferences, and contrasted to one or more objectives. A
decision-making process produces (new) choices which define the behaviour of travellers and
the measures of road authorities. Behaviour of travellers includes departure and/or arrival time
choice, mode choice and route choice, whereas measures of road authorities can range from
monetary tax measures to operational measures related to the timing of traffic lights.

6
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Figure 2: Schematic representation of traffic system dynamics
In a day-to-day context, demand and supply iteratively interact because (1) travellers respond
to the effect that other travellers and the measures of road authorities have on the performance
of the traffic system, and (2) road authorities adjust their measures in response to the effect
that previous measures had on the performance of the traffic system and the behaviour of
travellers. Note that from a traffic management standpoint the latter is extremely relevant; to
understand if and how demand alters when traffic management measures change supply.
Usually the demand side tends to seek for a user equilibrium state whereas the supply side
aims for a system optimal state. Due to the conflict that arises because these two states are not
necessarily the same, it requires some form of cooperation from individual travellers to reach
a system optimal state. Various approaches based on principles of negotiation and
compensation have been proposed to steer travellers towards choices that satisfy their
individual needs while also improving the performance of the traffic system (Adler and Blue,
2002; Van Katwijk, 2008; Van den Bosch et al., 2011). Cooperation however is not a
certainty. A specific research topic in this field is the ratio of system cost in a UE state and the
system cost in a SO state, referred to as ‘the price of anarchy’. It describes the degradation of
traffic system performance caused by selfish behaviour of non-cooperative travellers
(Roughgarden, 2005). An illustrative example of the UE-SO dilemma is the case in which the
shortest time route is via a congested route, but choosing this route contributes to the
congestion. Another example of inefficiency caused by selfish behaviour is the counterintuitive phenomenon called the Braess paradox (Braess et al., 2005). The paradox shows that
adding capacity to the road network (e.g. an extra link or lane) may cause a redistribution of
traffic which results in higher individual and traffic system cost. Conversely, removing a lane
or link may in fact reduce individual and traffic system cost. Several real-world examples
have been reported in for example Boston, London and New York City (Youn et al., 2008).
Equilibrium theory and the network design problem have been thoroughly studied as a
mathematical problem using traffic assignment and equilibrium models (e.g. Sheffi, 1985;
Thomas, 1991; Bell and Lida, 1997; Bie and Lo, 2010). Key aspects of these studies are:
existence and uniqueness of an optimum, convergence to a solution, and stability of the
equilibrium. The complexity and computational effort significantly increases when dynamic
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and stochastic attributes as well as user-heterogeneity and multiple objectives are considered
(Han and Yang, 2008; Guo and Yang, 2009). Behavioural economists have criticised
mathematical models which are primarily based on maximum utility theory, because they tend
to presume ideal conditions like those mentioned in the previous Section, which does not
reflect well enough the human side of travellers and their behaviour in reality.
1.3.3 Behavioural economics
In the 1970’s and again more recently, behavioural economics has been rapidly growing both
outside and inside the transport research arena. Behavioural economists draw on the aspects
of (cognitive) psychology, social sciences and economics, and study the motives and
behaviours that explain deviations from rational behaviour. It is not just the behaviour (i.e.
choice outcome) that is of interest, but also the decision-making process behind such
behaviour. In contrast to the rational economic model, human rationality is about our distance
from perfection given the observation that people have limited knowledge and constrained
cognitive abilities, leading to prejudiced reasoning and suboptimal choice behaviour. A
generic term for this kind of behaviour is ‘bounded rationality’ that was first introduced by
Herbert Simon (Simon, 1955). Earliest works in this area already showed an inconsistency of
actual observed choices with the predictions of expected utility theory. The best known
examples are the Allais paradox (Allais, 1953) and the Ellsberg paradox (Ellsberg, 1961). The
former explains that two situations with mathematically equal reductions in probability may
generate completely opposite responses, whereas the latter explains that people exhibit strong
aversion to ambiguity and uncertainty meaning they have an inherent preference for the
known over the unknown. These introduced justified doubt with regard to the validity of neoclassical assumption but did not yet result in practical alternative behavioural theories. From
the 1970’s onwards, many researchers showed that boundedly rational behaviours are neither
random nor senseless, but that they are systematic, consistent, repetitive, and therefore
predictable. Most distinguished and frequently cited are works of Kahnemann and Tversky
(for an overview see Kahnemann, 2011), and McFadden (e.g. McFadden, 1999). In 2000,
Daniel McFadden received the Nobel Prize in economic science for his work in the
development of theories and methods for analysing discrete choice, while Daniel Kahnemann
received the 2002 Nobel Prize in economics science for his pioneering work with Amos
Tversky on decision making.
In parallel to psychological empirical studies, transport modellers – led by Hani Mahmassani
and co-workers – started to examine and incorporate the practical implications of bounded
rationality, which introduced the concept of boundedly rational user equilibrium (BRUE)
(Mahmassani and Chang, 1987). Since then the two major research orientations have been:
user equilibrium based on behavioural economics and choice models (i.e. route, departure
time and modality). Most concrete results are Prospect Theory, Regret Theory and rule-based
models. Prospect Theory states that decisions are context-dependent and that the evaluation of
risky prospects is subject to the asymmetric weighting of gains and losses with respect to
some common reference point (Kahnemann and Tversky, 1979; Avineri and Prashker, 2004;
Van de Kaa, 2008). Regret Theory postulates that when choosing, people anticipate and try to
avoid the situation where a non-chosen alternative outperforms the chosen one, which would
cause post-decision stress (Chorus, 2012a; 2012b).
Irrespective of aforementioned valuable contributions, there is a strong need for more
empirical evidence to validate the theories derived from behavioural economics and to
develop better descriptive models for travel choice behaviour.
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Decision making

Decision making processes are usually described following consecutive stages. Choices in
transport have a lot in common with consumer decision making which is described following
five stages: (1) need or problem recognition, (2) information search, (3) evaluation of
alternatives, (4) selection or decision, and (5) post decision behaviour (Newell et al., 2007).
The outcome of a decision making process is a choice for one of the choice options and may
lead to, for example, the acquisition of a product of brand A over brand B, the use of the bus
over the bike, or the use of route A over route B. It is important to consider that due to
heterogeneity the outcome may differ for different individuals or different groups of
individuals (Environment, 2002; Muizelaar and Van Arem, 2007; Zhu and Levinson, 2012).
An interesting notion in the context of boundedly rational behaviour is that travellers only
alter their behaviour or choice when the utility difference in the transport systems or their trip,
becomes larger than some individual-specific threshold (Mahmassani and Chang, 1987). In
physics such a resistance to change is known as inertia whereas in economics it is known as
inelasticity (as opposed to elasticity). The term ‘threshold’ is deliberately chosen generic and
acknowledges the potential existence of limits, boundaries or cut-offs of perception and
consideration of attributes by an individual. Taking a review of Cantillo and Ortúzar (2006) as
a starting point, three different kinds of thresholds can be distinguished. These are discussed
in the following Sections.
1.4.1 Thresholds as inertia, habit or reluctance to change
Habit forms when automated cognitive processes take control as the decision maker
repeatedly choses the same alternative (Verplanken et al., 1997). Moreover, if the cost of
searching for and constructing new alternatives is too high, or if it has too much associated
risk, people make an effort-accuracy trade-off and will tend to reuse past solutions that make
behaviour easier and less risky (Payne et al., 1993). Van Berkum and Van der Mede (1993)
defined habit as the propensity to repeat certain behaviours, not necessarily preceded by
change or a changing force. Although similar to habit, inertia also acknowledges that the mere
action of choosing a particular alternative makes it more probable that the alternative is
chosen again on the next day, it adds to this notion that the reason for this repetition may in
fact be that the anticipated (expected) quality of an alternative is much higher than that of its
competitors (Chorus and Dellaert, 2012). As it were, the so-called inertial effect increases the
utility of the current path which means that the same observed behaviour can still prevail after
a change (Srinivasan and Mahmassani, 2000).
Suppose that an individual initially has chosen an alternative with a particular associated
utility. A change could happen at the next time instant in such a way that although the utility
of some other alternative becomes higher than the utility of the chosen alternative (i.e. the
alternative improves or the used alternative deteriorates), the individual continues choosing it.
In fact, it can be posed that the individual will only switch to the other alternative if the utility
difference exceeds a threshold that reflects the inertial effect. In general, one would expect
this threshold to be positive reflecting transaction cost or an inertia effect, but it could be
negative if there is a high disposition to change or an overreaction to the presence of a brand
new alternative.
1.4.2 Thresholds defined as minimum perceptible changes
The notion of a minimum perceptible change implies that attribute changes below some
threshold may not cause a reaction by the individual (as perceptually the utilities do not
change). Suppose that the value of an attribute changes at the next time instant, the individual
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supposedly will only perceive the change if the change in value is larger than a threshold
value. Theories on ‘just noticeable differences’ suggest that people may be unable to perceive
small differences in the price of products (Monroe, 1970), or are just not interested in these
differences as it does not pay off to notice them (Levy et al., 2004). This phenomenon is
complex since changes can accumulate and eventually exceed the threshold; while in parallel
there might be adjustments in individual behaviour, dependent on the speed of change, which
in turn can modify the threshold.
Closely related are studies that deal with limited awareness which primarily focus on the
discovery of (new) utility differences. Generally, awareness may either result from direct
experience (i.e. by having chosen the alternative on one of the preceding days) or from
indirectly noticing the change (e.g. from a friend or through a travel information service)
(Chorus and Timmermans, 2009). Detecting a change is referred to as ‘the visual process
involved in first noticing a change’ and consists of the stage detection, identification and
localisation of the change (Rensink, 2002).
Change detection received much attention in the field of cognitive psychology which led to
the notions of change blindness and choice blindness. The former deals with the inability to
spot changes (Martens, 2011), whereas the latter concerns the failure to detect mismatches
between their intended choice and the actual outcome (Johansson et al., 2006). A common
explanation for both phenomena is that the changes were very small or that they were outside
the travellers’ (cognitive) periphery (e.g. travellers were distracted by other mental tasks),
making them literally ‘inattentionally’ blind (Jensen et al., 2011). It was found that
instructions to search for predefined changes have a large impact as it affects expectation and
familiarity.
While limited awareness mainly deals with perceptual errors that occur during the process of
visual search (failed to look) and during processing of selected information (looked, but failed
to see), perceptual errors may also exist when an individual is perfectly aware. In that context
it is important to first define perception: ‘the extraction of meaning from an array (visual) or
sequence (auditory) of information processed by the senses’ (Wickens et al., 2004). Many
psychological factors influence perceptions and reversely, either directly or indirectly, such as
intention, attitudes, affect, motives and believes (Ajzen, 1991; McFadden, 1999). There are
many publications that take note of perceptual errors and related theories which are discussed
in Chapters 2 and 3, but in the domain of transport only a limited number also provide
quantitative evidence based on empirical data. The few that do conclude that perceptions
regularly deviate from reality and are on average around 50-60% accurate (e.g. Tawfik et al.,
2010b; Tawfik and Rakha, 2012b).
1.4.3 Thresholds as mechanisms of acceptance or rejection of alternatives
Although it is more common to assume that individuals make trade-offs among attributes
(Payne et al., 1993), people may actually behave in a non-compensatory way as in the
elimination-by-aspects (EBA) model of Tversky (1972) or the satisficing heuristic (Simon,
1955). Based on personal preferences, individuals are assumed to have both a ranking of
attributes and minimum acceptable thresholds for each of them. The process begins with the
most important attribute and based on the related threshold all alternatives with attribute
values over the threshold value are eliminated. The process is repeated for the remaining
attributes in order of importance until one alternative satisfies them all. If none or more than
one alternative satisfies all the threshold constraints the preferred one may be selected in a
compensatory manner. On top of this process, satisficing behaviour states that decision
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makers will continue using the chosen alternative as long as it ‘suffices’ in ‘satisfying’
(together satisficing) the decision maker’s goals. Moreover, it is assumed that the decision
maker will not continue his/her search for a better alternative. Based on the principle of EBA
and satisficing, some analysts have shifted their attention from the decision making process to
the choice set formation process as pruning of rejected alternatives may improve model
predications considerably (Ben-Akiva and Boccara, 1995; Prato and Bekhor, 2007).
1.4.4 Indifference bands
The main interest of this thesis is the magnitude of the effect (i.e. the threshold) that is
required to alter the outcome of the decision making process considering that the effect
modifies one or more of the attributes of the available choice options. The notion of
thresholds is well known in economics and marketing as it is closely related to price elasticity.
Price changes are said to be elastic if demand changes more than proportionally to changes in
price, whereas price changes are said to be inelastic if demand changes less than
proportionally in response to changes in price. Note that thresholds assume that consumers do
not respond to small price changes which, therefore, have no effect, while consumers are
expected to immediately respond to large price changes. Research on the practical implication
of price elasticity confirms the existence of ‘pricing indifference bands’; a range of possible
prices within which price changes have little or no impact on customer purchase decisions
(Cram, 2006). These bands may be as wide as 17% for branded consumer beauty products to
as narrow as 0.2% for certain financial products (Baker et al., 2001). Similarly, a region of
indifference around the standard price exists, such that changes in price within this region
produce no change in perception (Emery, 1970). It is argued that this ‘range of inattention’
along the demand curve gives retailers an incentive for small price increments to increase
profit (Levy et al., 2004).
In the past 25 years the bounded rationality and indifference band perspective also found their
way into transport research, mainly by Hani Mahmassani (e.g. Mahmassani and Chang, 1985;
1987; Chang and Mahmassani, 1988; Mahmassani and Stephan, 1988; Mahmassani and
Herman, 1990). Similar to the purchase of products, travellers are assumed to only alter their
choice in a day-to-day situation when a change in the transport system or their trip
characteristics is larger than some individual-situation-specific threshold. In this way the
satisficing behaviour rule is implemented in the form of an indifference band for either
schedule delay or route delay, to predict switching decisions. The band reflects travellers’
aspiration levels, which can change in the process of learning and interaction with the
environment. It means that travellers set an indifference band of tolerable negative outcomes
and make the same travel choice as long as the previous outcome has been within the
indifference band (Gifford and Checherita, 2007).

1.5

Scope and objective

1.5.1 Research challenge
A major challenge for behavioural scientists is to understand how behavioural processes
affect the outcome of a decision making process. It is widely acknowledged that from a travel
time perspective, travellers do not behave as perfectly rational utility optimising computers.
However, although bounded rationality recognises limited human perceptual, cognitive, and
computational capacities it is a very broad and too general subject that encompasses a range
of behavioural phenomena and is therefore often misinterpreted. It is merely based on
observed behaviour that is suboptimal from an omniscient standpoint, which in fact can be
perfectly rational. Therefore it is important to distinguish between subconscious and
conscious processes. For example, acceptance or rejection of alternatives following the

Part I – Chapter 1

11

principles of satisficing behaviour can well be intentional as based on the preference of
attributes an individual can consciously decide to choose a non-shortest time route. On the
other side, habit is believed to be an automated process and therefore subconscious.
Although thresholds may differ in a strict behavioural sense, there are various analytical
similarities that make it impossible to empirically distinguish between them based on
observed choice alone. The different perspectives on thresholds are very closely related and
should be considered complimentary rather than substitutes, as for example inertia and
awareness limitations may exist simultaneously (Chorus and Timmermans, 2009). Yet, the
empirical identification of such an integrated model is not trivial. For example, it is
impossible to derive, from the observation that a traveller repeatedly chooses one particular
route that performs less than another available route, whether this results from individual
preferences (rejection of alternatives), satisficing behaviour, limited awareness, perceptual
errors, habit or inertia. As a result, the various dimensions of bounded rationality can only be
identified simultaneously when choice data is enriched with analyst knowledge about the
reasoning of travellers.
1.5.2 Scope
In Figure 3 the research scope of this thesis is summarised in a simple framework. What is
presumably most of interest to modellers, policy makers and traffic engineers are the
thresholds that mark the boundary between optimal and suboptimal choice and as such predict
switching behaviour. It is outside the scope of this work to explore the underlying
psychological mechanisms in great detail and to find psychologically sound explanations for
each and every empirical finding. To a large extend it may not even be possible to attribute a
particular observation to a specific behavioural theory. Therefore, the effort involved in
unravelling the many resemblances of different behaviours as was highlighted earlier, hardly
seems to outweigh the value added in quantifying the thresholds and predicting switching
behaviour.

Effort-Accuracy Trade-off – Psychological mechanisms

Habit &
Inertia

Perception
Error

EBA &
Satisficing

Thresholds
Subconscious

Conscious

Figure 3: Bounded rationality framework
Moreover, transport modellers have argued that models do not need to predict the decision
making process, but should predict choice outcomes. However, in transport literature there
appears to be an imbalance between the statistical significance of parameters in the context of
model fit and, for example, their relevance to policy making. To that end, we conclude that
empirical evidence and behavioural theories related to perception error, is a fundamental
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research orientation that may offer new views on decision-making. If this is true it will affect
and improve model predictions and more importantly will highlight different and new policy
implications.
In addition, we choose perception error as our research scope for three reasons: (1) perception
is one of the few factors that can be measured in a direct way – by combining subjective and
objective data, the perception error can be derived; (2) perception and perception error affect
the other behavioural processes and reversely – a better understanding perception may also
improve the understanding of harder to observe behavioural processes, and (3) perceived
attribute values and perception error are considered an instant indicator for threshold values –
subjective values of attributes may replace objective values of attributes and lead to different
understanding of decision making that better reflects the actual behaviour of travellers.
In contrast, related topics which are outside the scope of this thesis are: compliance to
advanced travellers information systems (ATIS) and the effect of ATIS, mode choice and
multi-modal travel, mathematical formulation of behavioural theories based on empirical
findings, and estimation of choice models to demonstrate model fit and model prediction. As
mentioned earlier, there is already a vast amount of literature on these topics as opposed to
literature on empirical evidence related to perception error and thresholds. Therefore the main
purpose of this thesis is to offer descriptive conclusions based on empirical data, which is
quantitative whenever possible, to better understand what drives travel choice behaviour to
benefit the effectiveness of transport policy and traffic management. Integration of findings
into modelling or optimisation algorithms is outside the scope of this thesis.
1.5.3 Conceptual model
The vision of this research is that the basic principles of indifference bands and thresholds as
they exist in marketing, also apply in the context of transport. The analogy is that thresholds
give policy makers, road operators and traffic engineers an incentive ‘lever’ to modify choice
attributes (i.e. positive and negative), which in turn will increase the performance of the traffic
system. It is expected that behavioural response of travellers will be limited or even absent as
long as the changes are less than the indifference band threshold. In this thesis we will refer to
this window of opportunity as the ‘effective control space’. In short, effective refers to the
increased effectiveness of traffic management measures if these respect the thresholds,
control refers to its purpose as a tool for road authorities and traffic engineers to improve
traffic system performance, and space refers to the available search space marked by the
thresholds. Notably, thresholds can be used as upper boundaries but they may be equally
useful as lower boundaries to indicate the minimum required increments needed to invoke a
response from a traveller. An important constraint is that alternatives are realistically available
to the traveller. For example, if a traveller has only one route option and one mode of
transport available from the home to the office, indifference bands and thresholds are not
relevant.
The conceptual model shown in Figure 4 transforms the schematic representation of traffic
system dynamics that was shown in Figure 2, adds details of the decision-making process of
travellers and integrates the concept of effective control space. The process flow is that
bounded rationality, and effort-accuracy trade-offs, cause thresholds in different stages of the
decision-making process. These thresholds construct the effective control space which is input
to the design of traffic management measures. Identical to Figure 2 the behaviour of travellers
and the actions of road authorities result in the performance of the traffic system. Finally, time
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effects of (new or revised) measures, for example changes in travel time or waiting time, are
input to the decision making process.
Demand
Travellers

Supply
Road authorities

[1]
Awareness

[2]
Evaluation

Thresholds

Effort-Accuracy Trade-off

Decision Making
Process

Traffic
Management
Measures

[3]
Decision

Behaviour
(response)

Effective
control space

Performance
Traffic System

Time-effect
of Measure

Figure 4: Conceptual model
Thresholds, primarily derived through perception error as explained in Figure 3, are the main
research interest of this thesis. In the decision-making process, awareness is related to
thresholds defined as minimum perceptible changes (Section 1.4.2), evaluation is related to
thresholds like inertia, habit or reluctance to change (Section 1.4.1), and decision is related to
thresholds as mechanisms of acceptance or rejection of alternatives (Section 1.4.3). Due to
analytical similarities mentioned in Section 1.5.1 it is very difficult to assign empirical
findings to one of the three stages, therefore resulting thresholds are considered as
complements rather than substitutes. Also, it is important to bear in mind that literature
suggests that thresholds are situation-specific and therefore cannot be generalised. It is beyond
the scope of this research to identify all possible scenarios, but instead to provide a general
framework based on the mechanisms of perception error and thresholds, to allow practitioners
to apply the main principles to situations that are relevant to them. Time has been selected as
the central performance indicator for this research because most traffic management measures
deal with (delay) time, and time is without question the most dominant attribute in travel
choice behaviour.
1.5.4 Research objective
The research interest of this thesis is to determine how travellers respond to changes in the
performance of the traffic system that result from the actions of traffic management measures.
Research in the fields of (cognitive) psychology and social sciences showed that traditional
assumptions of perfect rational behaviour and omniscience are unrealistic and as an
alternative highlighted the perspectives of behavioural economics and bounded rationality.
The purpose of this thesis is to contribute to the development of an alternative method for
determining the effects of changes in the performance of the traffic system on the choice
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behaviour of travellers. Additionally, the thesis intends to exploit concepts like thresholds and
effective control space.
Taking into account the very broad and relatively general defined subject of bounded
rationality, the analytical similarities of different behaviours related to inertia, and the
difficulty to measure thresholds directly have set the scope of this research to errors in
perception of time.
The objective of this research is: to empirically measure users’ perception of time in traffic
and factors influencing time perception, for routes and signalised intersections, to assess
choice behaviour and the effect of perception error on choice outcomes, and to develop basic
principles for integrating the implications of thresholds in transport policy and traffic
management.
To advance in the strong need for more empirical evidence, empirical studies were selected as
the main research approach. Again, the foremost purpose of these studies is to be descriptive
by observing perception and to better understand the relation between perception (error),
choice attributes, travel choice behaviour and thresholds. Several methods were considered
such as review of effect studies, evaluation effects of systematic manipulation of traffic
conditions and analysis of observed choice behaviour. Neither was selected because, for
example, effect studies were barely available or too limited in scope, manipulation of traffic
conditions was unfeasible in the real-life conditions while controlled environments lack the
required level of realisms, and observed choice data only provide information on the choice
outcome and not on the behavioural process. Alternatively, different kinds of methods were
used and combined such as interviews, (video) surveys, panel data and a real-world route
choice experiment as described in more detail in Chapter 4 and part II. Furthermore, two
research orientations were selected: (1) routes and perception of travel times, and (2)
signalised intersections and perception of waiting times. The former is closely related to the
massive research domain of choice modelling, while the latter is a prime determinant of delay
in urban road networks as well as an important control mechanism for road authorities.
Resulting from the research objective, the following main research questions can be derived:

1.6

-

How do users perceive travel time and waiting time, how are perceptions affected by
choice attributes and situational factors, and how can these be measured?

-

What choice strategies can be derived from choice data, what is the relation between
perception and the choice behaviour, and do findings support notions of bounded
rationality, inertia and thresholds?

-

Is there supportive evidence for thresholds in behaviour, how can these be quantified,
and what new approaches and opportunities for transport policy and traffic
management can be derived from these insights?

Thesis contributions

The contributions of the research presented in this thesis can be divided into scientific
contributions and more practical, societal contributions.
1.6.1 Scientific relevance
Scientific contributions of the research presented in this thesis are:
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-

Overview of the scientific literature and state-of-the-art of empirical findings on travel
time perception, waiting time perception and day-to-day dynamics in choice behaviour
and adjustment processes (Chapters 1-3).

-

Development of a theoretical framework for the day-to-day route choice decision
process which compared to existing ones integrates principles of perception and
thresholds, as well as separate processes for the effect of current route expectancy and
the effect of the expectancy of route alternatives (Chapters 3 and 11).

-

Review of data collection methods, weighing methodological considerations, and
development and evaluation of new data collection approaches (Chapter 4).
Introduction of relative perception next to absolute perception. Application of data
collection methods to study for the study perception of travel time and waiting time,
and the relation between perception and choice behaviour (Chapters 5-10).

-

Empirical and quantitative evidence on the existence of the choice-supportive bias in
route choice, i.e. chosen alternatives are perceived more positively than non-chosen
alternatives, quantification of the travel time perception error, and the influence of
situational factors such as road hierarchy, directness, familiarity and preference
strength on the perception of travel time and route choice (Chapters 5 and 6).

-

Empirical and quantitative evidence supporting the notion that user awareness of
changes in the performance of the traffic system is limited, for example that many
changes go unnoticed and users are unable to distinguish fine differences (Chapters 7
and 8).

-

Empirical and quantitative evidence on waiting time perception at signalised
intersections derived through field study, showing that waiting time perception is
generally inaccurate and that perception error is difficult to measure in a valid manner
(Chapters 9-10).

-

Quantitative assessment of inertial behaviour based on empirically derived route
choice data, through the identification of four choice strategies, their frequencies and
estimated indifference band thresholds (Chapter 11).

-

Development of a new framework for traffic management, i.e. the concept of effective
control space, which integrates the basic principles of thresholds and exhibits policy
implications. In addition, demonstrate in two different scenarios and for two different
control systems that application of the framework substantially improves the
performance of the traffic system (Chapters 12 and 13).

1.6.2 Societal relevance
By 1990, less than 40% of the global population lived in a city, but according to the World
Health Organisation (World Health Organization, 2014) as of 2010, more than half of all
people live in urban areas. By 2030, 6 out of every 10 people will live in a city, and by 2050,
this proportion will increase to 7 out of 10 people. Clearly, as a result of urbanisation the
scarcity of public space will continue increasing while the demand for mobility and its burden
on the environment will increase too. These, together with stricter regulation of pollution
levels and ‘liveability’, underline the need to better utilise the existing system capacity. For
this reason, behaviour and human factors in relation to transport policy is already gaining
momentum as the need for an alternative more human-individual-centric approach is
recognised.
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Another trend is the rapid uptake of ICT, for example smartphones and cellular data
communication, and this is also the case in transport. At a European level, the ITS Action Plan
and Directive of the European Commission (European Commission, 2010) states that
Intelligent Transport Systems (ITS) can significantly contribute to a cleaner, safer and more
efficient transport system, for example through the deployment of cooperative systems.
Cooperative systems are for example vehicles communicating wirelessly with other vehicles
(V2V – vehicle-to-vehicle communication) or with roadside infrastructure (V2I – vehicle-toinfrastructure communication or I2V – infrastructure to vehicle communication). These
cooperative systems ultimately aim to achieve benefits for accessibility, safety and the
environment. In an increasingly smartphone-centric society, the potential role of nomadic
devices in cooperative systems is rapidly gaining ground. This means that travellers –
independent of vehicles – can make use of cooperative information services, many of which
are time-related and dealing with travel time minimisation. For that reason, one of the three
priority areas of the ITS Action Plan and Directive is traffic and travel information. Also in
Horizon 2020 (European Commission, 2014), the EU Research and Innovation programme
for the period 2014-2020 - Sections ‘Smart green and integrated transport’ and ‘Secure clean
and efficient energy’, a considerable share of the available funding is reserved for the
deployment of information technologies and services to support an ‘information society’.
In 2013 in the Netherlands, the Ministry of Infrastructure and Environment launched the
action programme ‘Connecting Mobility’ which is responsible for the implementation of the
roadmap to ‘Beter geinformeerd op weg’ (connected and better informed travellers) (Ministry
of Infrastructure and Environment, 2013). This roadmap is the product of a collaborative
effort of public and private sectors and for a large part focusses on organisational processes
and the changing roles of stakeholders in these processes. Moreover, the main incentive for
the programme is the recognition that in the near future travellers will be connected to
information systems continuously, that the role of traffic management is changing that service
provision is becoming the norm, and that traffic managers are dealing with individual
travellers directly. In another programme called ‘Beter Benutten’ (‘Optimising use’) (Ministry
of Infrastructure and Environment, 2014), the Dutch government, regions and businesses are
working together to improve accessibility, mainly by making better use of the existing roads
and transport facilities. Similar to aforementioned programs, offering travellers more choices
and services is one of the pillars of the programme. The ambition is to allow travellers to
arrive at their destination quickly and smartly, ultimately reducing door-to-door journey times
by 10 percent.
The central theme of both the European and Dutch programmes (and globally many more) is
the provision of information to individual travellers to allow them to make better informed
decisions. As most attention in these programmes seems to be devoted to technological,
organisational, strategic and operational challenges, it appears that topics like psychology,
human behaviour, perception and decision-making are underexposed. Paradoxically, by
introducing measures that interact with individual travellers more closely and directly than
ever, while implicitly increasing the expectations of the cognitive and behavioural capabilities
of these travellers, the need for a better understanding of these topics may in fact be the most
crucial factor for success. This is also the reason why providers of traffic solutions and
services have expressed interest in this research: to develop strategies for mobility and traffic
management services that explicitly take into consideration human behaviour and perception.
In that sense the scientific contributions of the research presented above can also be
considered societal contributions.
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Thesis outline

Before discussing the structure of the thesis and the content of the Chapters that make up this
thesis, it should first be noted that most Chapters consist of a paper that has been published, is
forthcoming, or has been submitted for publication in a scientific peer-reviewed journal or
conference proceedings. Intrinsically, this format leads to considerable overlap between some
of the Chapters, especially regarding parts of their introductions. Spelling has been adjusted
where necessary to UK English, the reference style is made consistent throughout the thesis,
as is the heading style. Sections, Figures and Tables are numbered throughout the thesis as a
whole, while equations are numbered per Chapter.
The remainder of this thesis is split in five parts: Part I, containing Chapters 1-4 and providing
a general introduction to time perception, day-to-day dynamics and data collection methods;
Part II, containing Chapters 5-10 and focussing on empirical research on travel time
perception, awareness and waiting time perception; Part III, containing Chapter 11 and
focussing on route choices and route switching behaviour; Part IV, containing Chapters 12-13
and focussing on application and implications of the concept of effective control space; and
Part V, containing Chapter 14 and reflecting on the research findings to conclude. The outline
of the thesis is presented visually in Figure 5. The arrows imply a chronological order, not
necessarily an input-output causation.
1.7.1 Part I – Introduction
Chapter 2 provides a literature review of past research efforts that are relevant for the study of
users’ perception of time at routes and signalised intersections. It identifies the importance of
time in transport and gives a background on the psychology of time. Based on empirical
insights from reviewed work, perception of travel time and perception of waiting time and
factors affecting these are discussed. Knowledge gaps and limitations regarding the
availability of empirical data and data collection methods are identified and recommendations
for further research are made.
Chapter 3 provides a theoretical framework of the decision process including perception and
thresholds. The framework is based on a literature review of past research efforts on day-today dynamics in choice behaviour and adjustment processes that are relevant to understand
the wider context of time perception. Topics like learning, expectation, judgement, search and
decision are addressed.
Chapter 4 provides an overview of data collection methods that are relevant for the study of
travel time perception and waiting time perception. It discusses, based on reviewed work in
Chapters 2 and 3, necessary methodological considerations and present limitations, and
derives the most fruitful directions for experimental design. The actually selected approaches
are discussed in parts II and III.
1.7.2 Part II – Perception
Chapter 5 presents the results of a study that compared perceived travel times from a survey
and actual travel times from field measurements, of chosen and non-chosen routes. Empirical
data give insight into the perception error and the choice-supportive bias.
Chapter 6 extends the study presented in Chapter 5 by focussing specifically on the influence
of road hierarchy, directness, familiarity and preference strength on the perception of travel
time and route choice. Besides findings on the perception bias, it also provides findings
related to day-to-day dynamics.
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Chapter 7 presents the results of a video-based survey that aimed to determine travellers’
ability to observe changes in traffic volume and traffic light settings. It concerns the only
study in this thesis for which traffic conditions were systematically manipulated. Findings
focus mainly on awareness and factors affecting the level of awareness.
Chapter 8 presents the results of another study dealing with awareness, this time related to the
replacement of the signal control program of 8 intersections in real-life. Analysis of panel data
together with objectively derived data give insight to level of awareness of the respondents as
well as their perception accuracy.
Chapter 9 discusses the experimental setup and findings of a field study on awareness and
waiting time perception. It describes a newly designed method which involved interviewing
vehicle drivers while they were waiting at the traffic light. Besides discussing findings on
perception and perception error, the Chapter reflects on the selected method and the validity
of alternative approaches.
Chapter 10 extends the study presented in Chapter 9 after minor revision of the experimental
setup and the questionnaire design. Insights on awareness and perception are also related to
acceptability, fairness, the importance of traffic lights, urgency, familiarity and gender.
Findings are largely consistent with literature, but also add to the literature in several ways.
1.7.3 Part III – Choices
Chapter 11 presents the results of analysis of inertial choice behaviour based on real-world
route choice data. It distinguishes between route switching as a result of the performance of
the current choice relative to the expected performance of choice alternatives, and route
switching as a result of the performance of the current choice relative to expected
performance of the current choice. Findings include: four driver behaviour types, four choice
strategies, their frequencies, and estimates of indifference band thresholds.
1.7.4 Part IV – Application
Chapter 12 elaborates on the concept of effective control space and the conceptual framework
presented in Section 1.5.3. Moreover, it demonstrates the principles of effective control space
and the implications for traffic management and the resulting system performance based on a
scenario with a signalised intersection as main the control variable.
Chapter 13 presents another scenario to demonstrate the principles of effective control space,
in this case through integration with a service-level oriented route guidance approach. Results
show how the network performance is affected by different thresholds values.
1.7.5 Part V - Conclusion
Chapter 14 answers the research questions by giving a comprehensive overview of the
similarities and differences of the findings from the empirical perception studies, the relation
to choice behaviour and day-to-day dynamics, and the usability of results and their
implications for transport policy and traffic management. Finally, it evaluates the selected
methodology and gives recommendations for future research.
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Figure 5: Thesis outline
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2.

Time perception

2.1

Introduction

This Chapter gives an overview of the transport literature dealing with perception of travel
time and waiting time. The aim of this review is to demonstrate the relevance of the topic, to
show that the amount available of empirical evidence is limited, and to identify
methodological considerations and unresolved research questions.
In a transport context time plays a central role. Goodwin (1974) made the following
distinction: time as a resource, time as a location and time as a framework. The activity of
travel demonstrates that time usage underlies resource-related concepts of opportunity, cost,
preference and interest. Moreover, time linked to locations and events allows us to order and
understand dynamic processes in which events have a relation with the previous event in time,
the next event in time, etc.
Time is without question the most commonly used measure of performance in this field. Time
is used as the basis for the definition of the level of service of roads which provides “a
qualitative measure describing operational conditions within a traffic system and their
perception by motorists and/or passengers” (Transportation Research Board, 2000). As such,
time has become an indication of the general acceptability by drivers, with delay as a measure
of driver comfort, frustration, excess fuel consumption and lost time. For many travellers,
(delay) time forms the basis for the many choices involved in trip planning like destination,
mode of transport and route. However, it is widely acknowledged that delay time cannot only
be derived from the actual wait times, but also from how these are subjectively perceived. It is
commonly acknowledged that objective and subjective time are not necessarily the same.
Depending on the circumstances, subjective travel times may overestimate or underestimate
actual travel times. The importance of the subjective value of time spent in travel was
recognised decades ago (Horowitz, 1978; Leiser and Stern, 1988), but with the arrival of new
data collection techniques has been recently revived.
The root question in time perception concerns the ability of individuals to correctly estimate
time in transport, e.g. travel time or waiting time. It is important to distinguish between
perception of absolute time and perception of relative time. Suppose that for situation i a time
ti was recorded, for i=1…n and ti ≠ ti+1, then let us define ti - ti+1 = Δi. Perception of absolute
time concerns the ability to rightly estimate ti, while perception of relative time concerns the
ability to notice whether ti ≠ ti+1 and to estimate Δi.
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Psychology of time

Whereas space is quite tangible, time is the opposite. With our senses we can observe colours,
smells, sound, taste and temperature, but we lack a special sense that is able to observe time
(Van Hagen, 2011). Subjective time has no fixed dimension and is influenced by thoughts,
feelings, memories and expectations of activities in a specific time span. This implies that we
can only indirectly deduce time from events that we perceive with our senses. Perception on
the other hand, involves the extraction of meaning from an array or sequence of information
processed by the senses (Wickens et al., 2004). In other words, to extract time from shape
(Michon, 1993) can be seen as the intrinsic product of a variety of dynamic representations
(Michon, 1998). Meaning may sometimes be extracted without specific attention to the
feature, but still enough information may be adequately perceived to fulfil the task. In the
context of the perception of time, duration (i.e. objective time) is estimated by our
consciousness (i.e. subjective time) involving the transformation of events to judgmental time,
which can be influenced by many factors as will be discussed below in the context of the
perception of travel time and waiting time.
There are two major research orientations with regard to (waiting) time experience (Van
Hagen, 2011). The first is that of time perception and investigates people’s estimation of time
duration and how accurately they are able to guess (time) intervals. The second orientation
studies how people cognitively and affectively experience waiting time. In the context of this
thesis the first stream is related to travellers’ ability to detect changes in time and value them
correctly, while the second stream is related to travellers’ response to these changes. In
general, people tend to experience time passing more quickly when they are busy, when they
experience variety, when events are pleasant and carry little sense of urgency, and during
activities that engage right-hemisphere modes of thinking (Pecheux et al., 2000b; Van Hagen,
2011; Michon, 1998). Maister (1985) briefly summarised the main principles of time
perception by means of 8 propositions:
- Unoccupied time feels longer than occupied time.
- Pre-process waits feel longer than in-process waits.
- Anxiety makes waits seem longer.
- Uncertain waits feel longer than known, finite waits.
- Unexplained waits feel longer than explained waits.
- Unfair waits feel longer than equitable waits.
- Low pay-off waits feel longer than high pay-off waits.
- Solo waits feel longer than group waits.
In addition, physical or emotional stress, in particular in case of uncertainty cause emotional
reactions such as annoyance, irritation, frustration and anger and make any wait feel longer
(Van Hagen, 2011). With prospective time estimation, attention is explicitly directed to
information related to the passage of time, which is expected to have a positive relation with
time estimates for example by counting (Van Hagen, 2011). Retrospective time estimates
occur without keeping an eye on time and are based on memory-related processes (Pecheux et
al., 2000b). However, when there is a discrepancy between expected and experienced
duration, people are inclined to (over)exaggerate the length of time (Van Hagen, 2011).
Expectation through experience and information plays an important role in perception. An
overview of various information processing models is given by Van Hagen (2011):
- The storage size model presupposes that the sense of time is a positive linear function
of the complexity of the number of stimuli. With more units of information per event,
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more events, more difference between events, and more complex events, time seems
to dilate.
The contextual change model states that the change in stimuli and the attention paid
influence time perception. The more changes, the longer time seems to have lasted.
The segmentation model adds that the relevance of the changes is decisive in how
much information is remembered. The more information is segmented and relevant,
the better the time segment is remembered, the longer the estimation of time is.
The attentional model distinguishes temporal and non-temporal information and states
that empty time seems to last longer than filled time, in contrast to the other models.
Attention resources are distributed between temporal and non-temporal processing,
making people consciously aware of the passing of time in case of temporal
processing.
The attentional-gate model adds that the cognitive time is only active from the
moment someone becomes aware of the time.

The storage size and segmentation model employ the retrospective method and the attentional
model the prospective method, which explains the different results.

2.3

Perceived travel time

In the past decade or so, the use of positional information from GPS and geographical
information from GIS has been a popular means to observe route choice and measure travel
times and speeds. Based on these data alone or in combination with travel diaries or post
follow-up interviews, researchers have been exploring the route choice decision-making
process and aimed to determine what are important choice attributes. This Section gives an
overview of the most relevant literature on shortest path choice, choice attributes, perceived
travel time and perceived level of service.
2.3.1 Shortest path choice
In literature, there is sufficient evidence that indicates that chosen routes are often
significantly longer compared to available alternative routes. From observations alone it is
practically impossible to know why someone selected a non-shortest path. For example, it is
possible that the individual was unaware of the existence of the shortest path, that the
individual did not know the (right) travel time of this path, and/or that other attributes than
travel time alone were secondary reasons for the route choice. An interesting question that has
received more attention recently is to what extent chosen routes deviate from the shortest time
route, or how far is traffic from user equilibrium (Zhu and Levinson, 2012). Recent research
confirms the hypothesis that models with self-reported travel times statistically fit the route
choice data better in comparison to the models with measured travel times (Carrion and
Levinson, 2013b). Perhaps the most challenging is to determine if time and non-time related
attributes are consciously considered by the decision maker and therefore explicitly contribute
to the utility, or if they influence route choice indirectly because they alter the travel time
perception of the driver.
Papinski and Scott (2009) used a GIS-based toolkit and observed 237 routes for home-towork trips for car drivers in Halifax, Nova Scotia, Canada. These routes were compared with
their shortest path alternatives based on time and distance. Results showed that chosen routes
were significantly longer in terms of time and distance, which could be attributed to
significant differences in route characteristics, predominantly in trip speed, road type usage
and number of turns. With regard to travel time, they found an observed average travel time
of 12.6 minutes compared to 11.3 minutes along the shortest time routes, equivalent to a
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relative difference of 12%. Similar results were found in an analysis of route choice between
91 OD pairs, reported by 188 staff members from the Massachusetts Institute of Technology
in Cambridge, USA, namely that just 34% of the respondents followed the shortest time path
and 20% followed the shortest distance path (Beckor et al., 2006). Another GPS/GIS-based
study among 143 commuters in Minnesota, United States found that about one-third of the
chosen routes were not the shortest-time routes (Zhu and Levinson, 2012). This percentage
decreased to 13.5% for commuter trips. For about 50% of the trips, the actual chosen routes
were less than 30 seconds longer than the shortest time route. In most cases, drivers chose
routes that were less than 5 minutes longer than the shortest time route, which is equal to
almost one-fifth of the average commute time. Similarly, on the basis of a license plate survey
in Enschede, the Netherlands, (Thomas and Tutert, 2010) it was found that 25% of the trips
were not along the shortest time route. Additionally, the relative total detour time as a
percentage of the travel time along the shortest time route was about 8%. They also showed
that differences in results are likely when sample characteristics differ. For example, when the
travel time difference between route alternatives was less than 2 minutes or routes were of
different hierarchical types (e.g. orbital and centre) the percentage of non-shortest time routes
increased dramatically. Similarly, Li et al. (2011) found that the choice set composition has an
effect on the prediction capability of shortest path algorithms which therefore can calculate
valid results for only part of the OD-pairs. Moreover, based on the analysis of GPS-traces of
taxis in GuangZhou in China they showed that more than half of all route choices cannot be
explained by shortest path algorithms because drivers chose frequently used routes instead of
shortest time routes.
Another GPS study with 216 drivers in Lexington, Kentucky, United States showed that in
only 27% of the cases the shortest time route was chosen (Jan et al., 2000). In this case, an
observed average travel time of 11.43 minutes was found compared to 10.61 minutes for the
shortest time route. This corresponds with a difference of 8%. Further, they found that
travellers habitually use the same path for the same trip, but that path deviation increases as
origins and destinations become farther apart. On the basis of the same data set, other research
concluded that one-third of the respondents are diverters as that they deviated more than 10%
from minimum travel time routes (Parkany et al., 2006). In addition, approximately 60% of
the respondents stated that they would use the same route during peak and off-peak
conditions. Finally, the researchers suggest that better models may be obtained by including
variables related to travel habits, personal attitudes, route characteristics and demographics,
and propose to explore categorisation by route choice behaviour type through stratification of
the driving population.
Synthesis – This Section showed that route choice can better be explained by perceived travel
times than by actual travel times. A major challenge is to determine if time and non-time
related attributes are considered by the decision maker consciously or subconsciously and as
such affect the perceived utility of available choice options. For example, it is possible that:
the individual was unaware of existence of the shortest path, the individual did not know the
(right) travel time of this path, and/or other attributes than travel time alone were secondary
reasons for the route choice. There is much evidence that a substantial number of trips are
made using a non-shortest time route, even in cases with non-trivial travel time differences
between routes in the range of 2-5 minutes or 8-20% of the average travel time. However,
none of the studies that provided these statistics also looked at perceived travel times. An
important observation is that choice behaviour differs for different choice situations and
segments of the driver population.
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2.3.2 Choice attributes
Several studies focussed more specifically on route attributes that explain choice behaviour.
Based on verbal reports that were collected while driving a pre-defined route, researchers
identified 40 factors that were relevant for the perception of service quality of urban streets
(Pécheux et al., 2004). These could be narrowed down to 6 major ‘quality of service’ factors:
traffic volumes, flow, speed, presence of large vehicles, travel time and number of signals. A
follow up study that examined the rating of these factors more closely showed that travel
time, average travel speed, number of stops, delay, number of signals, lane width, the
presence of trees, and quality of landscaping have most influence on the perceived level of
service (Flannery et al., 2005). Based on this they concluded that drivers perceive quality of
urban street segments in several dimensions, including travel efficiency, sense of safety, and
aesthetics, but did not discuss in detail how and to what extend perception is influenced. A
few years later the same researchers concluded that there is such variety in individual
perceptions and the importance of factors affecting these perceptions, that significant
uncertainty remains in the prediction of perceived level of service (Flannery et al., 2008). This
might be explained by the individual-situation specific nature of driver perception as was
highlighted by an earlier study that showed that the weights of each of the route attributes
varies dynamically over different scenarios and personalities (Chen et al., 2001).
For example, Papinkski et al. (2009) found that apart from travel time, the most important
secondary reasons for selecting a route include: minimising travel distance, congestion, stop
signs and stop lights and maximising route directness. Additionally, they found that one-fifth
of the participating commuters deviated from their planned route, while they expected
habitual behaviour with drivers repeatedly choosing the same route. Explanatory reasons
were: familiarity, density of alternative transport links and en-route congestion. Bar-Gera et
al. (2006) compared observed route flows with those obtained under the assumption of
independent turning probabilities, and found considerable differences which implies that turns
have an influence on route choice behaviour. Another study showed a significant preference
for southern routes among travellers, presumably because travellers misperceived the
Northern route as being an uphill route (Bruney et al., 2010). The same study revealed other
mental strategies for simplifying route plans such as selection of long and straight segments in
such a way that the deviation from the direction of the destination is minimal. Research on
cognitive processes supports this finding and adds that different visual fields at decision
points may cause people to choose differently for the same trip (Greene et al., 2007).
Moreover, a different study showed that the return trip often is perceived as shorter than the
initial trip, even though the distance travelled and the actual time spent traveling are identical
(Van de Ven et al., 2011). This appeared especially true when the respondents’ expectations
were violated on the initial trip, i.e. the initial trip took longer than they had expected.
From the vast amount of research on advanced traveller information systems (ATIS) the
importance of travel time reliability was identified, i.e. the trade-offs involved in the choice
between a route which is longer but has a reliable travel time versus another route which is
shorter but has an uncertain travel time (e.g.Abdel-Aty et al., 1997). Interestingly, in a recent
study it was found that drivers value travel time variability more than travel time savings
when analysing perceived travel times, while in contrast they value travel time savings more
than travel time variability when actual travel times are analysed (Carrion and Levinson,
2013b). This finding highlights the relevance of considering measurements of perceived travel
times in choice models. Another revealed preference study with real-time information showed
that preferred routes are usually considered to be reliable and that higher travel times are
exceptions, even when in reality they are among the most unreliable and real-time information
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highlights this (Ramos et al., 2012). More generally the availability of information is a known
effect on route choice, although it appears that the expected effects of information are often
too optimistic (Chorus et al., 2006b). A few studies considered departure time choice next to
route choice as way to change behaviour. These studies show that (the moment of) congestion
may not so much affect the route choice but instead the choice of departure time (e.g. Batley
and Clegg, 2001). Moreover, as opposed to the notion of habit in route choice, GPS-data from
56 commuters in Atlanta, United States showed that commuters change departure times more
frequently than routes, and trip chaining affects 60% of the commuters’ departure time and
route choice behaviour (Li et al., 2004).
Synthesis – This Section showed that many choice attributes are known to influence route
choice, such as directness, road hierarchy, direction, number of (signalised) intersections and
turns, travel time, reliability of travel time, travel distance, maximum speed, information and
weather, traffic volumes, flow, the moment of congestion, traffic mix and landscape. It is also
acknowledged that they affect perception directly and indirectly, but how and to what extent
is largely unknown. Moreover, there is evidence that the (perceived) importance of each of
the attributes varies dynamically over different scenarios and personalities, which adds to the
complexity. Finally, it was found that route preference, (violation of) expectation and route
familiarity are important determinants of drivers’ route switching propensity. Therefore they
are relevant to consider in relation to perception.
2.3.3 Travel time estimates
The number of studies that tried to capture drivers’ perception of travel time by asking them
to estimate travel times is very limited. Moreover, those that do exist tend to analyse the data
in an aggregated manner or are based on qualitative data. However, this is not the case for a
few recent studies. In The Hague, the Netherlands, Peer et al. (2013) collected observed and
reported travel times for a 9 kilometre motorway section and were able to link the two based
on number plates (Peer, 2013; Peer et al., 2013b). For each individual, the actual travel times
for the ingress and egress links of this motorway section were approximated using a
geographically weighted regression method that transfers travel times from links of a similar
type based on the location-specific relation (Peer et al., 2013a). It was found that on average
the respondent had a travel time ratio of 1.5, meaning that they overestimated travel times by
50%. In addition, some main determinants that may explain overestimation were found
including link length, average speed, link-specific and driver-specific characteristics. For
example, they found that drivers with little experience of commuting tend to overestimate
travel times more than drivers with much commuting experience. Moreover, respondents
overestimated travel times slightly more for departure times they are unfamiliar with. Based
on the finding that the departure time choice behaviour is not affected by the person-specific
travel time ratio, the researchers conclude that the travel time ratio is mainly the result of a
reporting error as opposed to perception error, and that reported travel times may be a poor
indicator of actual and perceived travel times. As such, the results of this study provide
evidence for ‘overstating’, but much less evidence for ‘overreacting’. However, it is important
to note that route choice was not considered in the experimental setup. Although Peer et al.
(2013) gave several possible explanations for reporting errors and trade-offs associated with
survey design are discussed, the limitations of their current study are not addressed. For
example, data was collected for only one route which makes it impossible to do relative
comparisons with other routes, while in general the reported travel times are not presented and
discussed in great detail but are immediately used to estimate several models. Lastly, the
majority of the observed travel times may be inaccurate as they had to be approximated and
do not necessarily reflect the travel times as experienced by the respondents. To overcome the
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concerns that were raised by the researchers, they successfully introduced a geographically
weighted regression approach as a means to accurately setup an RP model without the use of
self-reported data (Peer et al., 2013a). They state that due to endogeneity it is probably not
possible to test whether drivers overestimate travel times more for relatively unfamiliar
alternatives in their real-life choice situations, but perhaps it is also not desirable to test this as
for policy evaluations typically only ‘objective’ travel time measurements are available.
In the Minneapolis-St. Paul region in the United States, a large data set was used by several
researchers to study travel time perception and its implications in different contexts. The data
set consisted of day-to-day GPS-information, a Twin Cities Travel Behaviour Inventory and
several hand-out/mail-back or computer-based internet surveys. It is important to note that
these are independent sources that were combined and that each entry does not necessarily
concern the same individual respondent. The researchers took note of this as a trade-off
between the analyst’s control over the environment and the realism of the environment to the
subjects. Carrion (2013) highlighted that the travel time perception error of travellers has been
largely ignored and concluded that drivers overestimated travel times for trips with travel
times less than 20 minutes and underestimated travel times that were more than 25 minutes.
By applying several econometric models, the same researcher concludes that drivers use fixed
and/or moving thresholds to determine whether a perceived travel time is within an acceptable
margin or not, while simultaneously considering the frequency of travel times (they are able
to recall) within these acceptable margins (Carrion and Levinson, 2013a). As such, trips are
classified as a regular trip, a late trip or an early trip. It was also found that the thresholds
related to early and late trips are asymmetric. Drivers are more sensitive to late arrivals as will
also be discussed in Chapter 3, but appear tolerant to small increases above the mean in their
travel experiences. Two unknown factors were identified: the travel times as perceived by the
drivers of both the chosen route and alternative routes, and the ability of drivers to recall the
travel times of past trips. A second researcher with interest in network structure and travel
(Parthasarathy, 2011) found that perceived travel times are highest for shorter distance trips
and for networks with many alternatives and/or no clear optimal alternative, whereas
perceived travel times are lower when high hierarchy links are present (Parthasarathy et al.,
2013). Also related to road hierarchy, an internet survey in Houston, Texas, United States,
showed that the majority of respondents overestimated the travel time savings of newly
introduce managed lanes on the Katy Freeway (Devarasetty et al., 2013). Moreover, the
perceived travel time savings were approximately twice the average maximum savings in the
peak period. Trip purpose, age, gender and income were found to be significant predictors of
the misperception of travel time savings.
Tawfik et al. set up a number of route choice experiments in a driving simulator (Tawfik et
al., 2010a; 2010b) and in a real-world environment (Tawfik and Rakha, 2012a; 2012b) to
examine drivers’ experiences, perceptions and choices. They combined observed data with
reported data from pre-task and post-task questionnaires. In general they found that drivers’
perceptions are significantly different from their actual experiences and that drivers’ choices
are better explained by their perceptions than their actual experiences. Additionally, they
show that drivers’ route choice behaviour differs across different groups of drivers. Based on
comparison of experiences with perceptions they found that driver perceptions of travel speed
were more accurate than their perceptions of travel time, while perceptions of distance were
the least accurate. Looking at the driver perceptions of the travel conditions per OD-pair, the
results show that the higher the difference between the two alternative routes, the more
accurate are the driver perceptions. In other words, the more salient the signal, the more likely
it is to be correctly perceived. It was found that driver perceptions were, in general, around
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only 60% accurate. Next, by comparing experiences with choices they found that recorded
choices of the last 5 runs were closer to the declared choices in the post-task questionnaire,
than the choices made throughout the entire experiment (i.e. 20 runs). This is reasonable as
many choices made early in the experiment may have been for exploratory rather than
preference reasons. However, for only 2 out of 5 OD-pairs did the actual choice percentages
converge towards an equilibrium state, while in two cases these even diverged. Hence,
expectations of equilibrium theory can be very different from the actual reality of choice
percentages. Small differences between the two alternative routes and travel time reliability
can best explain this. Although the latest route experience was expected to be dominant in
driver perceptions, analysis showed that the Markov process updating of experienced travel
times was not different from the average-based calculations. Lastly, by comparing perception
with choices they identified three types of choice behaviour: (1) logical behaviour that reflects
drivers choosing better perceived routes (perceive route A better and choose route A); (2)
cognitive behaviour reflecting drivers choosing a route despite not perceiving a difference
between the routes, presumably to reduce mental working load (perceive no difference,
choose any route), and (3) ‘irrational’ behaviour that reflects drivers choosing worse
perceived routes (perceive route A better and choose route B). Compared to travel time, for 2
of the 5 OD-pairs travel speed perceptions provide a better explanation for driver choices,
while for 1 of the OD-pairs traffic perception mostly affected the choice behaviour. It
appeared that in cases with close travel time routes, drivers prefer the faster speed route as
well as the more reliable route to avoid the risk of delay.
Synthesis – This Section showed that only a small number of studies looked at perceived
travel times. These showed that perceived travel times are significantly different from actual
travel times, that travel times are predominantly overestimated, and that threshold and
learning mechanisms together with perception affect route choice. The available studies cope
with different limitations for example because they focussed solely on perception of absolute
time, they focussed on aggregated or qualitative perception in relation to route choice, or they
were constrained by a limited number of routes (in one case even one route). Three challenges
can be taken from these studies. First, it is difficult to obtain data on actual travel times that
reflect the travel times as experienced by the respondents. Secondly, it is uncertain if reported
or stated travel times (of chosen routes and route alternatives) are a good indicator of
perceived travel times and actually lead to perception errors rather than reporting errors.
Additionally, there is a risk of endogeneity. Thirdly, it appears hardly feasible to collect data
on route switching and perceived travel times simultaneously in real-life conditions, over a
variety of routes while systematically varying the value of route attributes.
2.3.4 Road level of service
Another perspective on the perception of travel time is discrepancies between drivers’
perception and the existing level of service standards. The Highway Capacity Manual (HCM)
proposed six levels of service ranging from ‘A’ very good service to ‘F’ very poor service
which are separated by threshold values of characteristic measures of traffic flow
performance, such as traffic density, volume-to-capacity ratio and average speed
(Transportation Research Board, 2000). However, empirical evidence systematically shows
that on average drivers are unable to properly estimate the actual quality of the conditions
they experience. In contribution to the strong debate on this topic in literature, an in-field
survey of motorists showed that the majority of respondents consider three or more factors as
very important in determining their quality of service along rural freeways (Washburn et al.,
2004). Apart from traffic density, speed variance, percent of free-flow speed, pavement
quality and driver etiquette were found to be important.
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In another study, drivers’ assessment of motorway traffic conditions - reported while waiting
at traffic lights on a freeway exit - were compared with actual v/c-ratio from the same time
period (Papadimitriou et al., 2010). This study showed that drivers’ assessment of level of
service is especially variable in moderate traffic conditions within the v/c interval of 0.550.70. Further, only low-tolerance drivers (i.e. drivers with on average negative perceptions)
appear to distinguish level of service A and B, and only high-tolerance drivers appear to
distinguish level of service D from E. Findings did not differ for driver and vehicle
characteristics. Based on these results, three service levels were proposed: one for the highest
v/c values, one for medium-high v/c values, and one level for all other v/c ratios. Similar
results were found in a study that used video clips taken from cameras on overpasses, with
195 individuals from 5 different occupational groups (Choocharukul et al., 2004).
Respondents of this study seemed to differentiate three levels of freeway traffic conditions,
while they had a lower tolerance for level of service A as opposed to a higher tolerance for
lower levels of service. Finally, not only did statistical analysis show that attributes other than
traffic density affect perceptions, but also that this influence varies depending on both traffic
conditions and road user characteristics. Along those lines, three focus group sessions with
different users (rural freeway commuters, urban freeway commuters and tractor-trailer
drivers) offers additional information (Hostovsky et al., 2004). First, it was found that urban
commuters were concerned about travel time, rural commuters about manoeuvrability, and
truck drivers about steady traffic flow and physical road conditions. Based on these
differences it is argued that traffic density as the service measure for freeways is a reasonable
compromise, but that different breakpoints for different levels or even different types of
drivers would be appropriate. Secondly, it was found that fine distinctions between levels of
service A through D seem not to matter in the urban context, as drivers were only concerned
about whether or not there was delay.
Synthesis – This Section showed that many drivers are unable to correctly estimate the actual
quality of the conditions they experience. On average perceptions of the order of magnitude
are fairly accurate, but fine distinctions among the six levels of service are not observed. It
appears that drivers overestimated good service levels and underestimated poor service levels.
As in previous Sections it was found that the influence of choice attributes on perception is
substantial but subject to choice situations and aggregate personality traits. Finally, multiple
studies could not find a systematic relation between perception and driver demographics.

2.4

Perceived waiting time

Delay time is perhaps a more important factor in decision making than travel time. Often,
delay or waiting is considered a waste of time but is nonetheless an inevitable part of a trip.
For example at traffic lights, unsignalised intersections, metered on-ramps or in dense traffic
conditions, delay or waiting is very normal. As a result and as mentioned earlier, these
situations are relevant attributes in route choice.
2.4.1 Intersection level of service
As for perceived travel time, the available literature on perceived waiting time is limited. The
mainstream research on the perception of waiting time focussed on the perception of the level
of service at signalised intersections. Based on laboratory experiments in which respondents
were asked to estimate delay and rate quality of service based on video-taped segments of
signalised intersection approaches in Pennsylvania, United States (Pecheux, 2000), it was
concluded that: (1) average vehicle delay as a measure of effectiveness of signalised
intersections is not representative of what individual drivers experience, and (2) subjects’
individual delay estimates were often inaccurate and that the subjects perceived three to four
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levels of service rather than the six existing ones in the Highway Capacity Manual. Several
researchers used fuzzy data mining approaches to define more representative levels of service
at signalised intersections (Fang et al., 2003; Zhang, 2004; Lee et al., 2007; Zhang et al.,
2007; Chen et al., 2009; Fang and Pecheux, 2009; Zhang and Prevedouros, 2011). The
findings from these different studies are very similar. First they conclude that drivers’ waiting
time estimates are, on average, fairly accurate in terms of size and direction, but vary greatly
by individual drivers. Higher levels of service, i.e. A through C, were perceived as very
similar, whereas lower levels of service were rated higher than expected. The latter suggests
that drivers may be more tolerant to longer delays (or are more used to them) than is usually
assumed (Pecheux et al., 2000a). More recent research confirmed that drivers were more
positive about low levels of service than they actually were, but also found that high levels of
service were rated lower than they were in reality (Jou et al., 2013). One explanation for what
constitutes an acceptable level of service may be that when, for example, longer waiting times
or slower traffic movement becomes the norm, this condition may no longer be thought of as
unacceptably congested (Laetz, 1990). Overall, the various studies consistently show that
subjects were able to distinguish one scenario from another but unable to perceive fine
differences. In a proposed set of six new levels of service, the existing levels of services A
and B would be merged and the existing level of service F should be split into two levels.
Moreover, it was concluded that relatively broad levels of services, up to a 30 seconds range
best represent users’ perception. However, such a range seems disproportionally wide which
might be due to the fact that the respondents were not familiar with the situations that they
viewed. Possibly, drivers that are familiar with a situation will notice finer differences
between levels of service than unfamiliar drivers.
2.4.2 Situational factors
The studies cited in the previous Section collectively put forward an extensive list of factors
that affect drivers’ perception of waiting time at signalised intersections, including: actual
waiting time, number of stops, traffic mix – presence of heavy goods vehicles, unused green
time for conflicting traffic, visibility of traffic lights, protected lanes for turning vehicles,
presence of information systems, interference from vulnerable road users, signal coordination
and fairness. More recently, two studies found that trip features (such as trip purpose and
average red light time), socio-economic characteristics (such as gender, educational level,
income, and age), and variables affecting driving perception, such as traffic flow, pavement
condition, road design, traffic control, distribution of vehicle types, and weather, all influence
drivers’ perception of the level of service at signalised intersections (Jou and Chen, 2013; Jou
et al., 2013). An interesting insight from a study on waiting for the bus is that travellers
viewed wait time imposed by others as more onerous than wait time they imposed on
themselves (Hess et al., 2004). They overestimated their wait time by a factor of two when it
was imposed by the transit system, but accurately estimated their wait time when they chose
to wait for a free bus ride.
2.4.3 Waiting versus motion
Based on a video-based questionnaire with videos captured from a traffic simulation model, it
was found that perceived waiting time is predominantly a function of actual waiting time but
that perceived waiting times better explain how users rate signal designs (Wu et al., 2009). In
addition, they found that personal characteristics have limited influence on the perceived
waiting time, and that there exists a trade-off between total waiting time and waiting time at
each individual intersection. It appeared that drivers prefer to split the total waiting time
across multiple intersections at the price of a longer total wait if the difference in the total
waiting time of two signal designs is within 30 seconds. In the context of a motorway-on
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ramp, virtual stated preference experiments showed that ramp delay is 1.6 to 1.7 times more
onerous than delay on freeways (Levinson et al., 2004). A follow-up study that aimed to find
further explanation showed that the waiting time in a queue is perceived more positively when
the goal of waiting is more attractive, that time savings on long journeys are valued more than
savings on short journeys, that the size of time savings positively affects the value of travel
time savings, and that time losses are more onerous than failure of time gains (Zhang et al.,
2009). In addition, it was suggested that drivers like to perceive progress or motion, even at
higher cost. To them, reducing one minute of stopped delay is more valuable than reducing
one minute of driving time. This seems a good explanation for an observation that was
mentioned earlier: travel speed is more accurately perceived than travel time and as such
might be considered a better indicator for route choice.
2.4.4 Acceptability
In terms of levels of tolerance, waiting at traffic lights was found to become intolerable when
it exceeds 60-65 seconds (Pecheux, 2000; Pecheux et al., 2000a), whereas for ramp metering
installations this limit was found to be somewhere between 4 and 5 minutes (Zhang et al.,
2009). Through a survey with pre-recorded videos of different levels of service at signalised
intersection it was found that drivers are willing to accept waiting times ranging from 43-82
seconds for level of service A to F respectively (Jou and Chen, 2013). In line with earlier
findings the 43 seconds value for level of service A is much higher than the 15 seconds that is
used by the Highway Capacity Manual which implies that drivers don’t differentiate higher
levels of service. Based on these findings and fully in line with the philosophy of effective
control space as explained in Section 1.4.4, it was recommended to increase cycle times in
case of higher levels of service and decrease cycle times in case of lower levels of services.
Synthesis – This Section showed that drivers’ perception of waiting time is often erroneous.
Aggregate averaged perceived waiting times alone may be misleading as they may seem fairly
accurate, therefore it is important to consider individual perceptions too. Similar to travel time
perception it was found that many different situational factors influence perception. Most of
the empirical findings are derived from video-based surveys and focussed on the perception of
qualitative waiting time (i.e. level of service) rather than quantitative waiting time (e.g.
seconds). Several studies found that drivers are more tolerant to waiting at traffic lights than is
usually assumed, especially when the context matches the duration of the wait. Moreover,
there is evidence that suggests that drivers’ perception is shaped by accumulated experiences
and trade-offs.

2.5

Discussion and conclusion

Based on a review of the transport literature on the perception of travel time and waiting time
we discuss our findings in relation to the research questions presented in Section 1.4.5.
Findings from this Chapter will be used in Chapter 4 for the discussion of methodological
considerations and present limitations in order to derive the most fruitful and most value
adding directions for experimental design. Part II of this thesis provides the results of our
research on travel time perception and waiting time perception.
How do users perceive travel time and waiting time?
Generally, the findings for waiting time perception and travel time perception are very
similar. In both cases, it is widely acknowledged that perceived time is likely to differ from
reality and that perceived time is a better representation of what individual drivers experience
than is objectively derived time. Many studies showed that drivers’ perceptions are, on
average, fairly accurate in terms of direction and magnitude, but widely variable and
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inaccurate on an individual level. With regards to level of service, only two or perhaps three
different levels could be distinguished by most respondents. This shows that drivers were
unable to observe fine differences and that the precision of their quality perception may at the
most be binary; being either ‘good’ or ‘not good’.
How are perceptions affected by choice attributes and situational factors?
Many studies showed that chosen routes frequently differ considerably from shortest travel
time routes, presumably because most drivers use several non-time related criteria to select
their route. These criteria include: turns, directness, road type, speed, familiarity, distance,
number of intersections, stop signs, traffic lights, information, uncertainty, congestion and the
moment of congestion. Although many studies recognise that drivers’ choices are affected by
how they consciously or unconsciously weight choice attributes or situational factors, there
appears yet no empirical study that evaluated the influence of these attributes and factors on
the perception of time. Findings on the influence of socio-economic characteristics (e.g.
gender, educational level, income and age) on perception and choice are not systematic. For
this reason, one may argue that socio-economic factors are of lesser importance, also because
social-economic data of the driver population is not generally available dynamically.
Similarly, empirical data on how the weighting process is affected by the scenario and the
driver type is limited, despite the fact that choice set composition and driver heterogeneity are
considered relevant subjects (see Chapter 3).
How can perceived travel time and perceived waiting time be measured?
Many studies on route choice are based on classical discrete choice stated preference data or
GPS-based revealed preference data. The former is suitable for estimating weights of
attributes, the latter is more realistic than hypothetical choice tasks, but neither method
provides data on perception. Driving simulators combined with questionnaires or video-based
surveys provide an alternative but arguably lack the level of realism that is required for
perception research (also see Chapter 4). For perceived travel time specifically, in a few cases
stated preference and revealed preference data were combined for real-life situations, but
these studies fell short on an analysis of individual and situation specific differences. The
reasons for this were that the two data types could not be well matched as well as too low
sample sizes. To our knowledge there are only two studies (Peer, 2013; Carrion, 2013), which
were published very recently and after the completion of our empirical research, that
specifically explored the differences between reported or perceived travel times and actual
travel times. However, in both cases the focus was on the perceived travel time of a single
choice situation and for a single route, i.e. perception of absolute time, which is prone to
reporting errors as stated by the authors. Also the studies on waiting time perception seem to
have focussed primarily on the perception of absolute time. To our knowledge, there are no
studies that asked drivers to estimate differences from one situation to the next or to make
comparative estimates (i.e. perception of relative time) to overcome the aforementioned
deficiencies.

3.

Day-to-day dynamics

3.1

Introduction

This Chapter deals with dynamics in travel choice behaviour and drivers’ response to travel
time variability. Although behavioural response may cover many aspects including departure
time choice and mode choice, the main interest is route switching behaviour. The purpose of
this Chapter is to outline the wider context of time perception and to obtain an overview of
choice strategies and the decision-making process. It will address topics like learning,
expectation, judgement, search and decision.
In literature there is increasing acknowledgement of theories supporting non-utilitarian
behaviour, but the majority of research is devoted to mathematical topics like equilibrium
modelling and control optimisation as opposed to empirical research to justify these theories.
Moreover, due to analytical similarities and seeming overlaps it is sometimes difficult to
recognise where a theory on one factor ends and a theory on another factor starts. Secondly,
this Chapter provides a theoretical framework for the day-to-day route choice decision
process which compared to existing frameworks integrates principles of perception and
thresholds. Moreover, instead of developing a master-theory that systematically integrates all
available theories we discuss the similarities and differences of theories that describe the
relations between time perception and travel choice behaviour.

3.2

Experience, information, learning and expectation

3.2.1 Experience
On the basis of previous experiences and by means of travel information, travellers can learn
about the characteristics of routes. They may even learn about the characteristics of non-used
routes if external sources provide them information about foregone outcomes (e.g. Chorus and
Timmermans, 2009). In that way, they create expectations with regard to future outcomes
which are the basis for decision making. The literature reports on different ways how
individuals integrate past experience and information, and how this relates to other
behavioural aspect such as risk attitude and habit (see Bogers, 2009 for an overview).
Roughly three approaches can be distinguished. One approach is to integrate past experienced
cost according to a weighted average (e.g. Horowitz, 1984), for example by assigning equal
weights to all past experiences or by assigning weights through exponential smoothing (e.g.
Mahmassani and Srinivasan, 1995). Under the myopic adjustment rule, the perceived travel
time is a function of the latest day’s outcome exclusively (e.g. Mahmassani and Chang, 1986).
The third approach considers perceived travel time as a weighted average of the historically
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perceived travel time and the time provided by advanced traveller information systems (e.g.
Ben-Akiva et al., 1991).
3.2.2 Learning
A central question with regard to experience and learning is the extent to which drivers
become fully knowledgeable, i.e. omniscient. Rational learning presumes that travellers show
rational time-minimising and homogeneous behaviour, as they all share the same
understanding of the system, the same set of objectives and have complete information
(Nakayama et al., 2001). By using a so-called interactive travel simulator Bogers et al. (2005)
studied learning in relation to several other behavioural aspects and concluded that the
influence of rational learning on route choice should not be overestimated as inertia and habit
are dominant features in route choice. Additionally, they found that the respondents were
myopic (i.e. the last experiences outweighs the previous experiences), strongly value
reliability, are risk averse and dislike arriving late.
Further, a modelling study where traveller’s learning was simulated showed that drivers’
decisions do not become homogeneous and rational (i.e. time-minimising), but contrarily that
the number of rational drivers decreased, even after a long process of learning (Nakayama et
al., 2001). As a possible explanation, it was found that drivers misperceived travel times and
made route choice decisions based on false evaluations. This is in line with results from an
earlier study that makes note of a ‘deluded equilibrium’ that is caused by drivers’ false
perceptions of travel times which makes them believe that the route they take is faster than the
other route (Nakayama et al., 1999). In addition to time perception as discussed in Chapter 2,
drivers’ perception of the system performance does not necessarily become more accurate
with more experiences. This finding was confirmed based on a recent real-world route choice
experiment (Tawfik and Rakha, 2012) which showed that for several choice situations, actual
choice percentages diverged (as opposed to converged) from the stochastic user equilibrium
expectations. Moreover, even in case of provision of travel time information it was found that
the propensity of travellers’ to minimise the expected travel time does not necessarily increase
because the heterogeneity of travellers choices’ increased and the utility maximisation rate
reduced (Avineri and Prashker, 2006). It is important to note that for these observations the
underlying behavioural causes were unknown. Similarly, experiments in a study by
Mahmassani and Srinivasan (2004) showed that the traffic system took significantly longer to
converge when all users were provided with previous-day information on arrival times
corresponding to all departure times than when they only received information on their own
arrival time. The understanding is that provision of more information raised trip makers’
expectations, as they switched decisions in search of a better outcome.
3.2.3 Expectation and perception
In anticipation to the findings in the previous Section, Chen and Mahmassani (2004) modelled
travel time perception and learning mechanisms simultaneously and found that: 1) travel time
perception error hinders convergence; 2) updating of perceived travel time with almost every
experience (i.e. the myopic rule) makes convergence less likely, and 3) premature termination
of the learning process results in greater dispersion of the perceived travel times, independent
of the user’s experiences. Based on this they conclude that error in perceived travel times is an
important factor that should not be ignored. Moreover, these findings call into question the
behavioural assumption invoked in deterministic and stochastic equilibrium assignment
models, in particular fixed and homogeneous perception parameters, and have important
implications for dynamic network performance models.
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Synthesis – This Section showed that perceived experiences which are based on the actual
experiences and external information largely determine how travellers shape their
expectations. Several studies showed that travellers’ learning does not necessarily lead to
more homogeneous behaviour and usage of shortest time routes. In some cases, provision of
travel information even had a negative effect. These findings confirm earlier statements on
perception and demonstrate the existence of a relation between perception and dynamics in
travel choice behaviour.

3.3

Judgement, loss aversion and the reference point

3.3.1 Uncertainty and risk aversion
Uncertainty in transport systems is natural and, as argued before, it is the uncertainty that
exists in the mind of the traveller, together with their attitude towards that uncertainty which
determines behaviour (Bonsall, 2004). A choice-perspective recently introduced in the
transport domain and derived from behavioural economics, is the so-called prospect theory.
Prospect theory (Kahnemann and Tversky, 1979; Tversky and Kahnemann, 1981; 1992) deals
with the individual’s decision making under conditions of risk and uncertainty. It is based on
the principle of change-oriented framing, which states that choice alternatives are framed not
by their expected states but by the expected changes they bring, relative to a reference point.
People are assumed to be loss averse; they weigh losses higher than gains of equivalent size.
Moreover, the marginal value of both gains and losses generally decreases with their
magnitude, representing a diminishing sensitivity. This means that the prospect value function
is concave for gains and convex for losses (see Figure 6) which implies that travellers are
most likely to notice and respond to changes that involve loss.

Figure 6: Hypothetical value function prospect theory (Avineri and Bovy, 2008)
According to this theory, travellers are risk averse when outcomes are framed as gains, and
risk seeking when outcomes are framed as losses. A second perspective of prospect theory
deals with probability weighting, and states that decision makers overweight small
probabilities and underweight high probabilities. Overweighting of small probabilities implies
that decision makers will make risk-seeking choices when they are offered low-probability,
high-reward lotteries.
The principles of prospect theory have been validated in the transport context (e.g. Avineri
and Prashker, 2004; Van de Kaa, 2008; Avineri and Chorus, 2010) and incorporated in travel
behaviour modelling (e.g. Avineri and Bovy, 2008). In traffic assignment, Prospect-Based
User Equilibrium (PUE) is defined as the situation where no traveller can improve his or her
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travel prospect value by unilaterally changing routes. Mainly on the basis of synthetic data,
most available studies have looked at PUE solutions in comparison to conventional utility
theory based solutions (Xu et al., 2011; Gao et al., 2010). Route choice modellers have
attempted to reproduce the effects of asymmetric weighting of gains and losses (e.g. Guo and
Liu, 2011). As a result of this property, increases and decreases in the value of choice
attributes may have different effects. This implies that the network change is not necessarily
reversible if the initial network equilibrium cannot be restored by revoking the change. This
phenomenon was for example found in case of a temporary link closure in Minneapolis,
Minnesota, United States (Danczyk et al., 2010; Zhu et al., 2010).
Prospect theory also has received criticism as many applications in transport and travel
behaviour research may have stretched the domain of this theory too much, as it was
originally designed to explain responses to static situations involving risk, in the lack of
immediate feedback and repeated choices (Timmermans, 2010). Therefore, it may fail in
predicting a repeated route-choice situation under uncertainty as behavioural studies showed
that decision making in one-shot tasks is different from the decision making in iterated choice
settings (Avineri and Prashker, 2005).
A prominent alternative of prospect theory that has been receiving a lot of attention lately is
random regret minimisation (RRM) theory. Like prospect theory RRM acknowledges that
people anticipate future outcomes. It is assumed that travellers try to avoid the situation where
a non-chosen alternative outperforms the chosen one (e.g. Chorus, 2012a). If the anticipated
(minimum) regret is higher than an individual’s threshold then an individual is assumed to
postpone the decision and acquire additional information first. There are examples that show
how regret theory can be consistent with both satisficing and maximising choice behaviour
(Chorus et al., 2006a). The most notable difference between prospect theory and regret theory
is the behaviour of both models near the reference point. In literature, there is no consensus
which of the two models provides a better fit to available choice data although RRM generally
requires less parameter input (Chorus, 2012b).
3.3.2 Reference-dependency
Next to the concept of loss aversion, the concept of reference points is considered useful to
add to the understanding of choice in travel behaviour. A review of the state of the practice by
Van Wee (2010) showed that the reference point is sometimes hard to define, that reference
points can be very context specific, and dependent on multiple variables of one alternative.
The main difference with economics is that when monetary gains and losses are dealt with,
zero may be the common reference point whereas in the travel choice context the reference
point may represent a threshold value that distinguishes between the gains and losses of the
journey, as perceived by the traveller (Avineri and Bovy, 2008). A complicating factor in
setting reference points is that due to perceptual limitations as discussed in Chapter 2,
travellers may not have a crisp notion of reference values either. As such, it is likely that
reference points are not only context dependent, but also individual dependent and therefore
multiple, context dependent, reference points may exist. To anticipate to the vague perception
of reference travel times that travellers may have, the use of a fuzzy set of reference values
was proposed by Avineri (2009). The researcher concluded that due to the lack of empirical
findings on travellers’ perceptions in general, techniques to affect the (fuzzy) perceptions of
reference values, and their significance in making a change in travel behaviour, remain
unknown.
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However, a better understanding of the effect that reference values have on travellers’
decisions (and the resulting overall performance of the transport system) is a specific interest
of transport practitioners and policy makers (Gonzalez and Wu, 1999). For example, it is
important to understand when it might be better to provide travellers crispier (or fuzzier)
travel information to highlight the better (system optimal) choices for them without restricting
their freedom of choice (Avineri, 2010). When placed in day-to-day context, Delle Site and
Filippi (2011) showed for a case with tolling that the final state of the network depends on the
steps and step size policy path. Similarly, Bie and Lo (2010) demonstrated that the attraction
domain of an equilibrium and trajectory towards an equilibrium are important drivers of the
stability of the equilibrium. Moreover, they showed that day-to-day traffic equilibriums not
necessarily return to the same state when a change is first introduced and later removed. The
implication of such reference-dependency phenomenon is that if the interventions on the
supply side are phased, it is possible to exploit loss aversion and obtain sustainable
advantages in terms of toll revenues and travel time spent.
To properly define the context dependence in a more systematic way, Zhang et al. (2004)
distinguish the alternative-specific context, circumstantial context, and individual-specific
context, and formulated a random relative utility maximisation model that clearly reflects the
influence of reference points. Relative utility argues that utility is only meaningful relative to
some reference point(s) and it conceptually allows the existence of multiple reference points.
Integration of the relative utility and prospect concepts into a single model structure results in
an asymmetric, nonlinear utility specification with multiple reference points (Zhang et al.,
2013). Simultaneously, Delle Site et al. (2013) developed a reference-dependent stochastic
user equilibrium model where reference points are determined consistently with the
equilibrium flows and travel times, and reside to the conditions that: 1) no user can improve
her utility by unilaterally changing path, 2) each user has as reference point the current travel
time and the money expenditure of one of the available paths, and 3) if each user updates the
reference point to her current path the observed path flows do not change. In both modelling
studies the researchers concluded that more empirically derived travel behaviour data sets
should be examined in order to reach more sound conclusions and to clarify the generality of
their model outcomes.
3.3.3 Choice set composition
With regard to reference-dependency, there is a stream of research that is specifically
concerned with the relevance of the choice set composition and choice set generation
algorithms. As choice modelling involves predicting the route choice based on a set of routes
considered by an individual travellers, one of the challenges for these algorithms is to identify
all the routes that a traveller might consider as opposed to all physical routes that connect an
origin and destination (Bekhor et al., 2006; Prato and Bekhor, 2006). Among the major issues
are biased model parameters and violation of the independence from irrelevant alternatives in
case of misspecification of the choice set. A comparative study by Prato and Bekhor (2007)
showed that generation of heterogeneous routes (i.e. multiple routes for the same trip with
differing characteristics) allows for estimation of models with better prediction abilities with
respect to revealed choice behaviour. The finding of heterogeneous routes is in line with
findings on heterogeneous preferences, subjective values of choice attributes and observed
choice behaviour as discussed in Chapter 2. It appears that choice set composition and choice
behaviour have been treated as independent challenges. However, empirical research on
reference dependency suggests that the two are not independent, and that the choice set
composition may affect choice behaviour through perception and inversely. To that end it is
worth mentioning the notion of preferences for so-called compromise alternatives which are
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alternatives that have an intermediate performance on each or most attributes rather than
having a poor performance on some and a strong performance on others, relative to other
alternatives in the choice set (Chorus and Bierlaire, 2013). Consumer research cited by these
authors showed that such preferences are one of the most important and persistent choice setcomposition effects.
Synthesis – This Section discussed several factors that may affect the perception of travellers.
Most notably these highlighted the importance of relativity, i.e. how the performance of one
route is framed relative to choice alternatives in the choice set. As a result the perception of a
route is not constant, but dependent on the reference and/or context as defined by the choice
set. Conversely, what routes are in the choice set depends on what travellers perceptually
consider available routes. User heterogeneity is an important factor and will be discussed in
the next Section. An interesting phenomenon is loss aversion and the asymmetrical effect of
gains and losses in particular, which causes irreversibility of traffic state and is closely related
to exploiting the effective control space as described in Section 1.5.3.

3.4

System variability and user heterogeneity

3.4.1 System variability
Variability usually refers to differences in travel time from one day to the next but may also
refer to variation in the difference in travel time of multiple routes. Variation in travel time
roughly can be result of variation in travel time due to stochastic processes, or externally
imposed changes to the traffic system like new infrastructure or traffic management policies.
The implication of day-to-day variability is that quality uncertainty not only results from
perceptual deficiencies, but also from day-to-day variations in the quality (Chorus, 2011).
However, when externally imposed changes coincide with the normal stochasticity of the
system, they may be ‘absorbed’ and therefore nearly impossible to perceive. For example, as a
result of the distribution of travel time on two routes as shown in Figure 7 (Levinson and Zhu,
2013), externally imposed changes to the travel time presumably will be noticed earliest on
route 2.

Figure 7: Example distribution of travel time on two routes. Route 1 has a smaller
expected travel time, but larger travel time variability (Levinson and Zhu, 2013).
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This assumption was confirmed by Avineri and Prashker (2005) who showed that higher
variance in travel times leads to lower sensitivity to travel time differences. Specifically, it
was found that in some cases, increasing travel time variability of a less attractive route could
increase its perceived attractiveness. This was explained as the payoff variability effect: high
payoff variability seems to move choice behaviour towards random choice. However, it was
also found that route choice behaviour was best captured by the assumption of a slow
adjustment process to immediate outcomes as opposed to the assumption of utility
maximisation. Similarly, Mahmassani and Liu (1999) found that if travellers have recently
experienced a substantial increase in travel time as a result of a small adjustment in departure
time, they seem likely to tolerate greater delay in subsequent decisions, as a way of absorbing
the possible large fluctuations in trip time associated with small adjustments in departure
time. Recently, Carrion and Levinson (2013a) introduced a threshold theory which assumes
that individuals’ decision to switch to another route is subject to the frequency of experienced
travel times that are outside the acceptable time margin (i.e. the indifference band).
Further, Chen and Mahmassani (2004) found that the variance and uncertainty associated with
travel time perception are also important, since they may significantly affect an individual’s
sense of a routes’ reliability (i.e. the perceived variability). In that regard, two important
values obtained from travel demand studies are the value of travel time (VOT), and the value
of travel time reliability (VOR) (see Carrion and Levinson, 2012 for a review). The former
indicates the monetary value of reduction of travel time, whereas the latter refers to the rate of
substitution between travel cost and increases in the predictability of travel time, also known
as the reliability ratio (RR) (e.g. Bates et al., 2001). Carrion and Levinson (2012) pointed out
that the gap between objective and subjective travel times needs to be addressed but that
empirical research on perception error is limited (also see Chapter 2), while especially the link
to VOT and VOR has been largely ignored. Recently, based on revealed preference data
Ramos et al. (2012) showed travellers’ perception of travel times was biased in favour of the
chosen route. Although the chosen routes were considered to be reliable perceptually, they
were among the most unreliable. It appeared that travellers did not use the travel information
to better plan their departure time or route, but to update their expectation of the traffic
conditions.
3.4.2 User heterogeneity
Drivers differ in attitude (e.g. value of time, willingness to pay), preferences (e.g. risk
attitude), experience and knowledge, all of which can lead to significant heterogeneity in
route choice behaviour (Zhu and Levinson, 2012). The mainstream research and practice,
however, has treated trips as the unit of analysis since the 1950s. Additionally, the trip-based
modelling practice tends to assume homogenous drivers and to focus on some form of user
equilibrium state according to Wardrop’s first principle. Although this shortest-path
assumption and the resulting aggregate approach are simple, intuitive and easy to implement,
it has been criticised for ignoring the heterogeneity among travellers and limitations in their
spatial knowledge and reasoning ability.
In order to balance the need to account for heterogeneity and to limit modelling complexity,
several empirical studies aimed to define a driver classification scheme. With the intention to
tailor traffic information to specific categories of travellers the Dutch Ministry of Transport
defined 5 classes of travellers based on the way travellers supposedly experience mobility
(Environment, 2002):
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-

‘Accepters’ see mobility as necessary evil that is part of their life. They do not actively
search for options to improve their travel. Their choice is based on ease and practical
reasons.
‘Deliberates’ see mobility as a functional method of getting from A to B, but they
don’t enjoy traveling. They try to limit and optimise the amount of time spent on
traveling as much as possible.
‘Conscious’ see mobility as more than a method of getting from A to B. They choose
what fits best to their current needs.
‘Competitors’ see mobility as a symbol of independence. By choosing a faster route
they show they are ‘better’ than others.
‘Enjoyers’ see mobility with its social function. They are good at putting congestion
in perspective and choose mostly on the absence of stress.

Several studies confirmed that tailoring traffic information to the profile of traveller classes
improved the effectiveness of traffic information (e.g. Muizelaar and Van Arem, 2007; Van
den Broeke et al., 2004).
3.4.3 Choice strategies
Another stream of research on route choice patterns explores ‘strategic behaviour’. From the
analysis of verbal expressions collected in a driving simulator study it was concluded that
diversity in observed behaviour is largely caused by diversity in individual applied choice
strategies (Senk, 2010). This study showed that drivers consider at least four choice strategies:
- Comparison strategy, consisting in the comparison of travel times expected on
alternative routes and choice of the route with the lowest value.
- Exploitation strategy, consisting in the habitual choice of one route.
- Exploration strategy, consisting in a random route switching motivated by the search
for updated information about travel times on other routes.
- Anticipation strategy, consisting in the anticipation of other drivers’ choices and the
choice of route preferred by the minority.
As expected, this study by Senk (2010) showed that the comparison strategy was used most,
as travellers initially try to minimise their travel time. However, the results also show that the
exploitation strategy, which is based on habitual choice, is chosen the least. This suggests that
travellers act more strategically and less habitually than is often assumed (Verplanken et al.,
1997; Duhigg, 2012; Ariely, 2009).
Strategic behaviour was studied in more detail by Razo and Gao (2010) based on a stated
preference survey also including risk attitudes. Strategic behaviour was defined as:
“accounting for the future availability of information and for any detours that might be taken
based on such information”. Confronting subjects with deterministic and risky stochastic
travel times and real-time information en-route, they found that only 15.8% of observations
could be categorised as non-strategic, whereas 64% as strategic. Analysis of risk attitudes
showed that subjects were more risk-prone when the probability of delay on the stochastic
alternative increased (and thus the reliability). Based on these findings it was confirmed that
travel behaviour initially is habitual but dominated by strategic aspirations of travellers.
Nevertheless, risk is generally avoided and the more reliable alternatives are favoured.
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3.4.4 Route choice patterns
Based on the notion that drivers choose differently as a result of differing personality traits,
Nakayama et al. (2001) focussed on the implications for choice strategies and distinguished
four types of route choice rules to reflect possible route choice patterns of drivers:
- No switching. The driver who adopts a no-switching rule continues to travel on one
fixed route unless he changes the rule to another type of rule. Some drivers may be
compelled to adopt such a simple way of route choice through experience.
- Random Switching. In random switching, the driver chooses a route randomly. This
action may represent the case in which the driver chooses a route without thinking and
completely capriciously. Again, this rule will be deployed until the driver switches to
another type of rule.
- Experience based. In experience-based route choice, the driver is assumed to form a
set of route choice rules, selects one rule based on his experience, and then applies it
to choose a route.
- Rational. A driver is assumed to attempt minimising his average travel time as
discussed before, and the rational driver takes the route that has the minimum average
travel time on the basis of all information he has obtained. In experience-based route
choice, only a subset of the travel times the driver experienced is taken into account.
Similarly, from a driving simulator experiment (Tawfik et al., 2010a) and a real-world
experiment (Tawfik and Rakha, 2012b), four individual route choice patterns were identified
as shown in Table 1.
Synthesis – This Section showed that externally imposed changes to the traffic system may
coincide with the normal day-to-day variation and in that case are nearly impossible to
perceive. Additionally, it was found that due to variability the assumption of a slow
adjustment process, for example based on the frequency and sequence of good and bad
experiences, better captures choice behaviour than utility maximisation does. Another
variable in choice behaviour is heterogeneity among travellers which leads to different classes
of travellers with differing perceptions, different decision-making strategies, different choice
strategies and different route choice patterns. These indicated that behavioural mechanisms
such as thresholds are not one-dimensional but are likely to vary across the traveller
population. Moreover, when also considering the discussion in Section 2.2.2 on referencedependency thresholds are products of three elements: the underlying behaviours causing the
phenomenon, user heterogeneity and the reference situation.
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Table 1: Route choice patterns (Tawfik and Rakha, 2012b)
Driver type

Typical behaviour

Fixed choice,
constituting
14% of the
driver
population.

Single trial,
constituting
16% of the
driver
population.

Preferred
switching,
constituting
36% of the
driver
population.

Random
switching,
constituting
34% of the
driver
population.

3.5

Type description
A driver starting by arbitrarily picking a
route, is apparently satisfied with the
experience, and continues making the
same choice for the entire 20 trials, till
the end of the experiment.

A driver starting by arbitrarily picking a
route, is apparently not satisfied with
the experience, tries the other route, and
decides that the first route was better.
So, the driver switches back to the first
choice, and continues with this choice
till the end of the experiment.

A driver switching between the two
alternative routes till the end of the
experiment. The driver, however, drives
on route 1 much more than he/she
drives on route 0. This reflects his/her
preference for route 1.

A driver switching between the two
alternative routes during the entire time
of the experiment. The driver drives
both routes with approximately equal
percentages. This reflects the lack of
preference towards any of the
alternatives.

Search and decision

3.5.1 Habit, inertia and satisficing
Several studies in transport literature have suggested that route choice behaviour is largely
habitual (e.g. Van Berkum and Van der Mede, 1993). Habit forms when automated cognitive
processes take control as the decision maker repeatedly choses the same alternative
(Verplanken et al., 1997). It means that the same alternative may be chosen over and over
again without even thinking about it. Moreover, if the cost of searching for and constructing
new alternatives is too high, or if it has too much associated risk, people make an effortaccuracy trade-off and will tend to reuse past solutions that make decision-making easier and
less risky (Payne et al., 1993). The formation of habit generates, as a consequence, reluctance
to change. Although similar to habit, inertia also acknowledges that the mere action of
choosing a particular alternative makes it more probable that the alternative is chosen again
on the next day, it adds to this notion that the reason for this repetition may in fact be that the
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anticipated (expected) quality of an alternative is much higher than that of its competitors
(Chorus and Dellaert, 2012). As it were, the so-called inertial effect increases the utility of the
current path which means that the same observed behaviour can still prevail after a change
(Srinivasan and Mahmassani, 2000). This is also referred to as satisficing behaviour (Simon,
1978; 1955) which states that decision makers will continue using the chosen alternative as
long as it is ‘sufficing’ in ‘satisfying’ (together satisficing) the decision maker’s goals.
Moreover, it is assumed that the decision maker will not continue his/her search for a better
alternative. In addition, satisfactory outcomes that are associated with the selection of a
particular strategy, increase the probability that this strategy would be chosen again (Avineri
and Prashker, 2005). Hence, the probability of adopting a certain strategy increases as this
strategy is positively reinforced and decreases when the outcome result is negative. However,
more in general, the longer the respondents had used their usual route the less likely they were
to take alternative routes (Khattak et al., 1995).
3.5.2 Indifference bands (thresholds)
According to the theory of indifference bands, drivers will only alter their choice when a
change in the transport system or their trip characteristics, for example the travel time, is
larger than some individual-situation-specific threshold (Chang and Mahmassani, 1988;
Mahmassani and Liu, 1999; Jou et al., 2005). These indifference bands are generally
conceptualised as a function of unknown underlying reasons, for example that a driver is not
alert to changes due to the formation of habits, that the driver is indifferent if the type of
change is regarded insignificant, or simply because of a lack of (knowledge of) alternatives.
According to this principle, a choice alternative, leading to a travel time within the
corresponding indifference band, is considered acceptable, whereas a travel time outside the
indifference band leads to a change in choice.
Route switching could occur pre-trip and en-route. Pre-trip route switching is defined relative
to one’s route on the preceding day. An en-route path switch occurs when the route to the
destination at the current decision point is different from the path at the previous decision
node. Behaviourally there is a difference in the sense that in pre-trip decisions travellers have
more time to evaluate the received information (Mahmassani and Liu, 1999).
Tolerable schedule delay
The bounded rationality mechanism for day-to-day departure time switching decisions
postulates that commuter i does not switch his/her next day’s departure time as long as the
corresponding schedule delay SDit on the current day t, which is the difference between
preferred arrival time PATi and actual arrival time ATit, remains within the user’s indifference
band for departure time switching IBDit, with different components IBDEit and IBDLit for
early and late arrivals respectively (Mahmassani and Liu, 1999). It is defined that an arrival
time on day t-1 is acceptable equals a binary variable δit of 0. ESDit and LSDit denote the
early-side and the late-side schedule delay, respectively.
SDit = PATi – ATit = ESDit
= LSDit

if SDit ≥ 0,
if SDit < 0,

δit = 1

if 0 ≤ ESDit ≤ IBDEit or –IBDLit ≤ LSDit ≤ 0

δit = 0

otherwise
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Figure 8: Illustration of tolerable schedule delay
Tolerable route delay
The concept of bounded rationality implies that information will alter current behaviour only
when the advantage is bigger than a predefined indifference band. For route choice this means
for instance that route switching only occurs when the benefits of switching exceed a
predefined minimum and a certain proportion of the remaining trip time (Mahmassani and
Shen-Te Chen, 1991). In other words, the driver is presumed to continue on his/her current
route if the trip time savings upon switching is less than a minimum savings threshold
(Mahmassani, 1996). Furthermore, the driver supposedly continues his/her current path unless
there is sufficient trip time saving relative to the remaining trip time on the current path.
The mechanism for commuter’s pre-trip route selection and en-route path switching postulates
that commuter i does not switch route or path as long as the corresponding trip time saving
TTSijt (at decision node j on day t), which is the trip time difference between the current path
TTCijt (from decision node j to the destination for user i on day t) and the best path TTBijt (the
shortest path from decision node j to the destination on day t), remains within the commuter’s
route indifference band IBRijt, as follows (Mahmassani, 2009):
TTSijt = TTCijt – TTBijt ≥ 0
δi = 1

if 0 ≤ TTSijt ≤IBRijt

δi = 0

otherwise

In slightly different form this equation has been adopted in the user decision component for
both pre-trip route selection and en-route path switching in DYNASMART (Mahmassani and
Jayakrishnan, 1991; Jayakrishnan et al., 1994). Suppose the car driver is at a certain node in
the network. A binary variable δi is defined as:
δi = 1

if TTCi-TTBi > max[ηi TTCi, τi]

δi = 0

otherwise

TTBi Travel time on best path to destination (the best path and the travel time are provided
by the information system).
ηi
Relative indifference band for user i, as a fraction of the remaining trip time on the
current path to the destination: TTCi
τi
minimum improvement in the remaining trip time
Empirical findings
In several simulation experiments, predominantly by Mahmassani and co-workers, day-to-day
evolution of route and departure time was studied to assess the dynamic interaction between
trip makers’ decisions and the resulting traffic system. In these experiments real commuters
were observed for a number of trips that represented several weeks. To study the decisions
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made by these commuters they were confronted with complete and limited information about
the previous day. They had to make departure time decisions, and in some cases also route
choices. In several studies an attempt was made to estimate the width of the indifference band.
All of these acknowledge the existence of the phenomenon and most distinguish between
departure time switching indifference bands and route switching indifference bands, but their
estimations vary. From that it has become clear that no single, generic indifference band can
be defined without knowledge of the traffic conditions, trip lengths, etc. Hence, the
indifference band is clearly situation specific.
For example, Srinivasan and Mahmassani (1999) found that route switching occurred more
frequently when the traffic conditions fluctuate randomly than when they were systematic.
Results of this study showed that for stable conditions drivers expect a trip time saving of
about 17-22 percent (equal to 5-11 minutes) over their current path before they switch routes,
and this trip time saving should be at least 3-4 minutes for trips of approximately 20 minutes.
In random conditions these thresholds were found to be 17 percent and 3.44 minutes
respectively. Increasing network load appeared to have little effect on indifference bands.
Anticipated congestion on the next segment downstream plays a significant role in route
switching. It has a greater influence when traffic conditions fluctuate randomly than when
variation is systematic.
Another study showed that on average a trip time saving of about 19% for pre-trip route
decisions and 18% for en-route path decisions, relative to the travel time along the current
path is needed to trigger a route switch under perfect information supply, and no schedule
delay (Mahmassani and Liu, 1999). In addition, an absolute minimum of 1 minutes of trip
time saving is required for a route switching to occur. A more recent study found that as long
as travel time is reduced by more than 39%, drivers will always change routes, only when the
travel time reduction is less than 11%, it does not significantly influence route choices
(Zhang, 2006). Additionally, certain route switching rules only apply to drivers whose trip
distance is shorter than 16 minutes, while individuals are more willing to select routes they
have used before, while for trips shorter than twenty minutes drivers tend to avoid unfamiliar
routes even at the expense of a travel time increase up to 51%.
In terms of departure time choice, it was found that user preferences for early versus late
arrival at the work place (relative to the preferred arrival time) are asymmetric. The early
indifference band was found to be about twice as large as the late-side band (roughly 10-13
versus 5-7 minutes), while drivers tended to adjust their indifference band in response to
increased uncertainty to exhibit more risk adverse behaviour (Mahmassani, 2009;
Mahmassani and Liu, 1999). Other studies found that drivers do not adjust their departure
time if they arrive within 10 minutes (Mahmassani and Chang, 1985) or 18 minutes (Van
Knippenberg and Van Knippenberg, 1986). One drawback of these studies is that they do not
mention the trip travel times to which these values apply.
Other insights are that the indifference bands vary dynamically across individuals with
different socio-demographic characteristics, with and in response to prior experiences in the
commuting system, with the quality of the supplied information, as well as with the degree of
congestion experienced on the network and in response to information availability
(Mahmassani, 1996; 1990; Liu and Mahmassani, 1998; Srinivasan and Mahmassani, 1999).
Overall, the relation between departure time and route bands showed that, on average, the enroute indifference band was larger than the corresponding departure time band. This explains
the greater propensity of users to switch departure time than route (Mahmassani and
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Srinivasan, 2004). Moreover, it appears that a commuter will tend to switch both route and
departure time rather than just route alone (Caplice and Mahmassani, 1992). To capture the
notions of dynamic route and departure time indifference bands, asymmetry and individualsituation-dependencies a general framework was defined and calibrated (Mahmassani and
Herman, 1990; Jou and Mahmassani, 1998). The key property of this model is a so-called
switching module that uses simple satisficing decision rules to resemble boundedly rational
behaviour.
Synthesis – This Section explained the differences between habit, inertia and satisficing and
that each of these may explain why a non-shortest time route can be chosen repeatedly.
Additionally the theory of indifference bands was further described based on the principles of
tolerable schedule delay and tolerable route delay. The notion of its individual-situationspecific character is in line with the findings on reference-dependency and user heterogeneity
which were discussed in earlier Sections. Based on observed choice data several studies
provided empirical evidence for the indifference band and found thresholds in the range of
10-25% as well as asymmetry for the early and side bands.

3.6

Discussion and conclusion

Based on a review of the transport literature on dynamics in travel choice behaviour and
drivers’ response to travel time variability we discuss our findings in relation to the research
questions presented in Section 1.4.5. Findings from this Chapter will be used in Chapter 4 for
the discussion of methodological considerations and present limitations in order to derive the
most fruitful and most value adding directions for experimental design. To that end, Section
3.7 summarises the most relevant findings from this Chapter by means of a theoretical
framework. Part III of this thesis provides the results of our research on route choice and route
switching behaviour.
What is the relation between perception and the choice behaviour?
A relation was identified between perception, learning and choice behaviour. It was found that
learning by experiences or learning by travel information does not necessarily make travellers
rational utility optimisers, in some cases even on the contrary. This implies that bounded
rationality mechanisms and perception bias influence the learning process and conversely.
Loss aversion and asymmetry of gains and losses is a judgement-related property that was
found in different contexts. With regards to minimum perceptible changes it is relevant to
realise that externally imposed changes to the traffic system may coincide with the normal
day-to-day variation. Arguably, such cases are nearly impossible to perceive or require
multiple experiences to be noticed. Lastly it was found that reference-dependency may cause
choice behaviour and perception in two identical states to differ as a result of different
contexts.
What choice strategies can be derived from choice data?
Travellers may apply different decision-making strategies, apply different choice strategies
and reveal different route choice patterns. Consequently it is possible to distinguish different
types or classes of travellers, most likely with different perceptions. An important difference
between inertial behaviour and satisficing behaviour is that drivers, respectively, do and do
not consciously search for choice alternatives. For example, the decision-making strategy of
satisficing behaviour is restricted by comparing the performance of the current choice against
some experience-based expectation of that choice option. It is also relevant to consider the
cognitive difference with habitual behaviour; that in case of habit there is no disutility
involved for the evaluation and consideration of alternatives.
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Do empirical findings support notions of bounded rationality, inertia and thresholds?
In literature there is much attention for boundedly rational behaviour and the development of
theories supporting non-utilitarian behaviour, but the availability of detailed empirical
evidence is limited. For example, there appears little information on the frequency of choice
strategies subject to different choice situations and the associated thresholds. Most empirical
data is available from studies by Hani Mahmassani and co-workers who focussed on the
indifference band for schedule delay to predict route switching decisions. They repeatedly
found that thresholds primarily range from 10-25% and are asymmetrical for the early and
late sides. There appears consensus among researchers that findings on frequencies of choice
strategies and thresholds cannot be generalised due to individual-situation-specific influences
and that more empirical research is needed to validate them. Moreover, it is recognised that
although decision-making strategies (e.g. habit, inertia and satisficing) and thresholds may
differ in a strict behavioural sense, analytical similarities and seeming overlaps make it
difficult or even impossible to empirically distinguish between them based on observed
choice alone.

3.7

Theoretical framework

Based on the literature review of Chapters 2 and 3, the aim of this Section is to summarise our
findings by means of a theoretical framework for the day-to-day decision-making process
which compared to existing frameworks integrates the perspectives of perception and
thresholds. In literature there exist many theoretical and conceptual frameworks (e.g. Caplice
and Mahmassani, 1992; Bogers et al., 2005; Zhang, 2006; 2011) but none of these
satisfactorily captures the relation between perception, thresholds and travel choice behaviour
in an integral and complete way as intended in this thesis. The purpose of this framework is to
provide a common reference for the research in this thesis and to highlight important relations
as well as essential research orientations. The empirical research presented in Chapter 5 to 11
focuses on different elements of the theoretical framework.
Figure 9 shows the theoretical framework based on the Chapters 1, 2 and 3, and describes the
flow of the decision-making process of an individual traveller.
 Start is a decision at day t for a particular departure time, mode of transport and route.
 Executing the trip leads to an experience of the actual trip performance and associated
objective travel time, delay, etc.
 Based on the experience and influenced by situational factors (e.g. see Section 3.2.2)
and personal factors (e.g. see Sections 2.3.2 and 3.3.2), past experiences and
information, the traveller has a certain perception of the trip performance and
associated travel time, delay, etc. (also see Chapter 2).
 The memory of past experiences and the expected performance is updated based on
the perceived performance (also see Section 3.1).
 In an assessment the traveller evaluates the perceived performance against the
expected performance (see Sections 1.2.2, 3.3.3 and 3.4.2). Here, two levels of
evaluation can be distinguished:
 Performance of attributes of the current route against the expected performance
of these attributes for the current route for example (perceived) waiting time at
signalised intersections.
 Performance of attributes of the current route against the expected performance
of these attributes for route alternatives. For example (perceived) travel time.
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Figure 9: Theoretical Framework
 One of the outputs of the assessment is a discrepancy Δ between the perceived and
expected performance which represents either a gain or a loss (see Sections 3.1.3 and
3.4.1).
 The discrepancy is a gain if the perceived performance is better than the
expected performance. In this case the current choice will be repeated.
 The discrepancy is a loss if the perceived performance is worse than the
expected performance. This case may result in switching subject to thresholds.
 Threshold α represents minimum perceptible changes, threshold β represents inertia,
habit and reluctance to change, and threshold γ represents mechanisms of acceptance
or rejection of alternatives (see Section 1.3). For illustrative purposes it is hereafter
assumed that the three thresholds can be measured separately and that α < β < γ.
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 In case Δ is less or equal to threshold α, it is assumed that the discrepancy is not
perceptible by the traveller and as a result the traveller will not switch (see Sections
1.3.2, 1.4.3 and 3.4.2).
 In case Δ is less or equal to threshold β but larger than threshold α, it is assumed that
although the discrepancy is perceptible, the traveller will not switch due to the inertial
effect (see Sections 1.3, 1.4.3 and 3.4.2).
 Finally, in case Δ is less or equal to threshold γ but larger than threshold β, it is
assumed that even though the discrepancy is perceptible and overwrites the inertial
effect, the traveller will not switch due to mechanisms of acceptance or rejection such
as preference and satisficing (see Sections 1.3.3, 1.4.3 and 3.4.2).
 If Δ exceeds threshold γ it is assumed that the traveller will switch. Switching is not
further specified in this framework but may involve a change of departure time, mode
of transport or route, either on-trip or for day t+1 (see Sections 1.3.3, 1.4.3 and 3.4.2).
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4.

Data collection

Parts of this Chapter are based on: Vreeswijk, J., Van Berkum, E. and Van Arem, B., 2012.
A theoretical and methodological framework for user awareness at signalised intersections.
Proceedings of the 91st Annual Meeting of the Transportation Research Board.
Washington D.C. Reproduced with permission of the Transportation Research Board.

4.1

Introduction

This Chapter gives an overview of data collection methods that may be considered ‘to
empirically measure users’ perception of time in traffic and factors influencing time
perception, for routes and signalised intersections and to assess choice behaviour and the
effect of perception error on choice outcomes’. The content of this Chapter is largely based on
the experiences and findings from studies reviewed in Chapter 2 and 3. Advantages and
limitations of the different methods will be discussed and suitable approaches will be
identified. The selected approach and actual experiment design are presented in Chapter 5-12.

4.2

Data requirements

Studying time perception above all requires data of the perception of travellers (i.e. subjective
data), but to judge the validity of these perceptions also data of the actual situation (i.e.
objective data) is required. Furthermore, the data should support analysis of influences of
individual and situation specific factors. Therefore, perception of relative time (i.e. differences
from one situation to the next) should be considered next to perception of absolute time.
Additionally, it is helpful to collect descriptive data like demographics of the respondent (e.g.
age, gender and driving experience), route characteristics (e.g. average speed, road type and
number of traffic lights) and situational data (e.g. number of lanes, traffic density and
visibility of traffic lights).
Ideally, data should be available for each trip of a series of trips, for all relevant choice
alternatives and for every individual, for multiple heterogeneous situations but with
systematic variation, and with the possibility to manipulate the conditions. However, there are
also issues of validity, level of validity, cost and effort which need to be considered as will be
discussed in the next Sections. Based on the literature discussed in the previous Chapters,
Table 2 gives an overview of the minimum required subjective and objective data.
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Table 2: Minimum required subjective and objective data

Time perception
for routes
Time perception
for signalised
intersections
Route choice

4.3

Subjective data (perceived)

Objective data (actual)

Travel time
Travel time variability
Average speed
Speed variability
Route distance
Perceived waiting time
Perceived waiting time variability
Acceptability
Route choice factors
Route preference
Trip purpose
Familiarity

Actual travel time
Travel time variability
Average speed
Speed variability
Route distance
Actual waiting time
Actual waiting time variability
Route characteristics

Data collection methods

A challenging task that each experimenter faces is to find a good balance between the level of
control, the sample size, the time and money required and above all the validity of the data.
Note that most of these factors are related. For example, inclusion of more variables or large
variability of one of the variables reduces the likelihood that all subjects can experience all
conditions in reasonable time or alternatively requires a larger sample size. According to
Hoogendoorn (2012) validation has no single agreed definition but generally refers to the
extent in which a construct, conclusion or measurement is well-founded and corresponds
accurately to real life.
With regard to the latter, generally two types of data are distinguished: Stated Preference (SP)
data and Revealed Preference (RP) data (Chorus, 2007; Bogers, 2009; Peer et al., 2013a;
Carrion, 2013):
- Stated Preference data presents respondents with hypothetical alternatives, and asks them
to indicate which of the available alternatives they would choose in real life, or asks them
to state their needs, willingness to pay for, or preferences for the alternatives. These
experiments have varying levels of sophistication, ranging from paper-and-pencil SPsurveys (e.g. Polak and Jones, 1997; Khattak et al., 1993; Wardman et al., 1997), to fully
interactive computerised experiments in travel simulators (e.g. Chen and Mahmassani,
1993; Koutsopoulos et al., 1994; Bonsall and Palmer, 2004). The advantages of SPmethods for data collection are their low cost, flexibility, efficiency and controllability.
However, the major disadvantage is that the experimenter can never be sure that the state
behaviour resembles the behaviour in real life.
- Revealed Preference data (Widlert, 1998) analyses choices that are actually made, or
behaviour that is actually performed, by travellers in the real world. The data is mostly
collected by asking travellers to report about the last trip made, or the travel information
service most recently used. Although RP-data has high validity, the most notable
disadvantages are: low controllability, little variation in explanatory factors which requires
a large sample size for meaningful results, low sample size-to-effort ratio and availability
of useable objective data.
Based on the literature discussed in Chapter 2 and 3, the most common data collection
methods and their characteristics are summarised in Table 3.
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Table 3: Overview characteristics data collection methods
Method
Real-world driving experiment
Driving simulator
Video-based questionnaire
Questionnaire and interviews

Sample size-toEffort ratio
Low

Controllability

Validity

Low

High

Low

High

Medium-Low

Medium

High

Low-Medium

High

High

Low

What stands out from Table 3 is that there is no method that scores well on all characteristics.
However, it is important to note that the method characteristics are generalised and may be
different when the method is applied in a specific context or manner, for example combined
with elements from another method or with the use of special technology. These possibilities,
the advantages and disadvantages of data collection methods, and their applicability for
studying time perception will be discussed in the next Sections.
4.3.1 Real-world driving experiment
Real-world driving involves data collection from instrumented vehicles offering data of the
real-world behaviour of the drivers as well as the actual traffic conditions. The major
advantage of a real-world driving experiment is the high level of validity due to the natural
presence of in-context driving conditions. Disadvantages are the high amount of effort that is
required relative to a low sample size and a lack of control over the experimental conditions.
Especially the latter can hinder data analysis when conditions between situations and
experiences of respondents vary substantially. For example, it was found hardly feasible to
equally balance the delay time at a traffic light (Pecheux et al., 2000a). In particular the low
and high ranges, that is the very short and the very long waits, are not easy to obtain as they
do not occur frequently.
To study travel time perception and route choice, the majority of the studies discussed in
Chapter 2 used probe vehicle data from either GPS-traces or in some cases number plate
recognition cameras to obtain route paths and travel times (e.g. Jan et al., 2000; Thomas and
Tutert, 2010). In some cases GIS-data was used to obtain additional data on route
characteristics (Papinski et al., 2009; Zhu and Levinson, 2012). It is important to note that
these studies only observed choice behaviour and had no data available that allowed studying
perception. To that end, several researchers setup hand-out, mail-back or computer-based
surveys to collect perceptual data from the travellers directly (e.g. Carrion, 2013; Peer, 2013).
The major challenge that remained is to link the objective and subjective data to ensure that
for example the actual travel times reflect the travel times that respondents experienced. Peer
at al. (2013b) managed to do this, but for just one route. As an alternative, Tawfik et al.
(2012b) instructed subjects to drive 20 times a sequence of 5 routes and asked them to
complete a questionnaire before and after the 20 runs. Although the route paths were
controlled in this setup, the questionnaire was designed for studying perception specifically.
A different approach was taken by Papadimitriou et al. (2010) who interviewed drivers while
they were waiting at traffic lights on a freeway exit, asking them about the motorway traffic
conditions they just experienced while simultaneously measuring the actual traffic conditions
using inductive loop detectors. Finally, several studies on route choice attributes were based
on verbal reports that were collected while driving a pre-defined route (e.g. Pécheux et al.,
2004). In verbal reports, subjects continuously report their observations, reasoning and
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decisions while executing a task. Analysis of verbal reports is usually done with wordclassification and word-count software. To our knowledge, no real-world driving experiments
have been done to study the perception of waiting time at signalised intersections.
4.3.2 Driving simulator studies
Driving simulators advantageously give full control over the experiment and offer in-context
driving conditions. However, the time and cost involved to gather an adequate sample size is
high. More importantly, there is a question of validity regarding the applicability of results
obtained in the simulator to real-world driving (e.g. De Winter et al., 2012).
In the field of transport, driving simulators are mainly used to study driving behaviour, for
example in relation to advanced driver assistance systems to study factors like reaction time,
velocity profiles and adequacy under different mental workloads (e.g. Hoogendoorn et al.,
2012; Schaap, 2012; Van Driel et al., 2007). One exception is Tawfik and Rakha (2010a;
2010b) who setup a route choice experiment and combined data recorded from the simulator
with data from pre-task and post-task questionnaires.
As an alternative to ‘normal’ driving simulators, interactive driving simulators have been used
to evaluate the influence of cognitive processes to route choice (e.g. Bogers et al., 2005;
Srinivasan and Mahmassani, 1999). These simulators are interactive in the sense that they
consider the choices of the subjects to dynamically influence the evolution of traffic.
Additionally, they are suitable for repeated choice experiments as they enable the acceleration
of time which allows the completion of larger routes and coverage of more decisions points
compared to when the subjects have to drive an entire route in real-time.
To our knowledge, driving simulators have not been used to study the perception of waiting
time at signalised intersections specifically. Closest comes a study by Levinson et al. (2004)
who used a driving simulator to evaluate perception of stopped conditions at motorways
relative to moving.
4.3.3 Video-based questionnaires
Waiting time perception at signalised intersections predominantly has been studied using
video-based questionnaires, using real-world recordings of single intersection scenarios (e.g.
Pecheux, 2000; Zhang, 2004; Jou et al., 2013) or recordings from a traffic simulation model
for a series of intersections (e.g. Wu et al., 2009). In both cases recordings were taken from
inside the car to resemble the driver’s viewpoint. The advantages of this method are that
subjects view an in-context driving situation, all subjects experience the same conditions, and
available time and monetary resources can be used efficiently to gather an adequate sample
size. Recordings from a traffic simulation model offer even more control over the
experimental conditions although at the cost of validity. Subjects were invited either to the
laboratory to take part in the study, or were provided with a link to an internet questionnaire
that included the videos. Subjects then had to estimate the waiting time, indicate the level of
acceptability, classify the level of service, and/or rate the quality of service. There is no
consensus among scientists if the recording locations should be known to the subjects or
unknown. The latter ensures that the response is based on the conditions that are shown in the
video and not confounded by foreknowledge of the respondents based on actual experiences
at these sites (Pecheux et al., 2000a). However, one could also argue that subjects are able to
make better estimates if they are familiar with the recording locations.
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With regards to travel time perception it appears that video recordings were used once, to
study perception of level of service. Choocharukul et al. (2004) used video clips taken from
cameras on overpasses to ask subjects to classify the level of service, and/or rate the quality of
service.
4.3.4 Questionnaires and interviews
Questionnaires and interviews are often combined with one of the aforementioned methods
but can be also be used independently. They are mainly used to collect data that cannot be
obtained through observation such as attitude, opinion and preference. The major advantages
are that the required effort and cost is low compared to the other methods, while the sample
size and the level of control are high. However, validity concerns exist with regards to
inclusion of hypothetical tasks, inclusion of fictive situations or situations that are unknown to
the respondent, and representativeness of the respondents.
Typically, questionnaires are paper-and-pencil style or come as an internet survey. They offer
the scientist the possibility to include a variety of questions that may challenge respondents to
assess isolated cases or to compare multiple cases. Travel diaries are a specific kind of
questionnaire which asks the respondent to answer the same set of questions on for example
every day for a period of two weeks. Interviews may be based on a questionnaire too, but
offer both the interviewer and the respondent the possibility to explain their questions and
answers respectively, which may improve the quality of the data. In addition, interviews allow
the inclusion of open questions and follow-up questions with the downside that interviews
may interpret the answers differently than what the respondent actually meant. A special kind
of interview is verbal reports. In verbal reports, subjects continuously report their
observations, reasoning and decisions while executing a task. Analysis of verbal reports is
usually done with word-classification and word-count software.
In route choice analysis, questionnaires and interviews have been used to measure driver
preference but not to study travel time perception. In some cases, perception was estimated
based on stated preference, but was not measured directly. This is probably due to the fact
that questionnaires and interviews alone offer hardly enough data to evaluate perception and
perception accuracy. For that reason, for example Peer (2013) and Carrion (2013) used
questionnaires and combined these with real-world measurements. This introduces a new
challenge, which is to match data from questionnaires with data from real-world
measurements and to ensure that the objective data reflects the situation that the respondent
had in mind when completing the questionnaire.
Only a few others made note of the use of questionnaires and/or interviews. For example,
Bruney et al. (2010) asked respondents a series of questions based on situations drawn on a
map. Hostovsky et al. (2004) setup focus group sessions to interview an entire group of users
at once and allow for discussion.
To study waiting time perception and acceptability of waiting, questionnaires were mainly
used in video-based questionnaires, for example by Pecheux (2000) and Zhang (2004). Also
see the previous Section.
4.3.5 General methodological issues
There are a number of challenges that affect all of the methods described above. It has been
recognised that survey design (i.e. presentation of questions) may affect the outcome of the
reliability estimates (Chorus, 2007). First and foremost is so-called ‘priming’. By asking
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questions related to certain topics or using specific wording, the thought of subjects becomes
‘primed’ making them more alert and aware of these topics (Ariely, 2009), and persuade
subjects toward certain responses (Pecheux et al., 2000b). Once people know what the study
is about and what the next task may be, it is impossible to verify that the subjects did not
devote additional attention to these aspects (Jensen et al., 2011). Therefore, any study should
be setup in such a way that subjects are engaged in an indirect manner, not point to the main
topic of interest. For that reason retrospective approaches are most suited, asking the
respondents questions after the occurrence of the event. Besides, repetition of tasks and/or
questions should be prevented or at the least treated with care as learning effects influence the
response.
The second challenge is to use neutral but effective phrasing. For example, the word ‘delay’
has more negative connotations than the word ‘time’ and as such may lead to more negative
perceptions (Pecheux et al., 2000b). However, this solves only part of the challenge as words
like ‘time’ may have a different meaning for different people. Therefore it is important to
consider how a particular word or sentence may be interpreted. Similar concerns arise with
questions that request making a relative comparison. It has to be very clear for the respondent
what to compare with, for example an average, their expectation or the previous day.
Moreover, it is likely that subjects have a different average in mind or had different
experiences that make their expectation. Additional questions may be needed to anticipate
this.
Thirdly, to avoid problems of misunderstanding and inappropriate answers as a result of
subjective misjudgement, the use of predefined choices or choice bars with ordinal or interval
scales is highly recommended (Xenos and Christodoulakis, 1997). Most effective seems the
semantic differential scale, which is a scale between two bipolar adjectives that allows
treatment as both an ordinal scale and interval scale. The Likert-type scale is probably most
frequently used, which typically is a 5-point scale that ranges e.g. from strongly disagree to
strongly agree. It is important to note that Likert-scales may be subject to distortion from
several causes: respondents may avoid using extreme response categories (central tendency
bias), agree with statements as presented (acquiescence bias), or try to portray themselves or
their organisation in a more favourable light (social desirability bias). The use of grades, for
example on a scale of 1 to 10, can best be avoided if possible as earlier research showed that it
is nearly impossible to get meaningful results from grades as subjects also rate grades
differently (Fang and Pecheux, 2009). To further reduce errors and analytical difficulties, it
was suggested to include a number of questions to measure subjects’ qualifications or to
control the validity of subjects’ responses (Xenos and Christodoulakis, 1997).
Lastly, due to the inability to directly observe and measure perceptions in real-life conditions,
an important methodological question is the extent to which behavioural findings from
controlled experiments are indeed representative of actual behaviour in real traffic systems
(Mahmassani, 2009). The main conclusion in this regard from the comparative analysis
performed is that behavioural mechanisms developed on basis of controlled experiments
provided good explanation of observed behaviour in real-life: essentially similar model
specifications, correct signs, but different coefficient magnitudes (Mahmassani and Jou,
2000).

4.4

Discussion and approach

Based on the previous Sections, it was found that the three most important requirements for
time perception studies are: (1) a high level of validity; (2) actual experience of time and high
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level of familiarity, and (3) perceived times should be verifiable with actual times. This
highlights the need for an experimental setup in real-world conditions or one that is based on
real-world conditions.
4.4.1 Absolute versus relative time
In Chapter 2 the importance to distinguish perception of absolute time and perception of
relative time was mentioned. To reiterate, suppose that for situation i a time ti was recorded,
for i=1…n and ti ≠ ti+1, then we defined ti - ti+1 = Δi. The perception of absolute time concerns
the ability to correctly estimate ti, while perception of relative time concerns the ability to
notice whether ti ≠ ti+1 and to estimate Δi. Hence, there are three different elements of
perception that need to be considered. A different perspective on relative perception is related
to the perceived value of one choice alternative relative to another alternative. As mentioned
in Chapter 3, gains and losses (i.e. Δi) are weighted differently depending on the context or
reference point.
Nearly all the studies on travel time perception and waiting time perception focussed on
absolute time; respondents were asked to provide estimates for individual cases. The authors
are not aware of studies for which respondents were asked to estimate the difference between
ti and ti+1, or between one alternative and another. Such an approach may reduce the problem
of reporting errors as was mentioned by Peer et al. (2013b). For respondents to have actual
knowledge of such differences and be able to make a comparative judgement, they need to
have a certain level of experience and familiarity with the situation at hand (e.g. commuters).
This in contrast to Pecheux et al. (2000) who concluded that subjects should have no
foreknowledge. As gaining experience requires time and therefore many runs, and considering
the validity concerns related to driving simulator data as raised earlier, driving simulators are
considered less suitable for studying time perception than other available methods.
4.4.2 Travel time perception
With regard to travel time perception we conclude that there is no method that satisfies all
requirements. To make controlled methods like questionnaires more realistic, a recent trend in
survey design is to combine SP with RP data in an attempt to use the strengths of both SP and
RP methods while avoiding as much as possible their own deficiencies (Louviere et al., 2000).
For example, the so-called hypothetical bias associated to SP data can be reduced by
incorporating real-life choice situations (e.g. Reiter et al., 2013) or pivoting the design values
around the status quo behaviour of respondents (e.g. Hensher, 2010). Alternatively, Peer
(2013) used travel times that were between the minimum and maximum travel time reported
by the driver, while the preferred arrival time shown to the respondents was identical to their
reported preferred arrival time (Peer, 2013). Alternatively, also the choice situations may be
adapted to real-life cases based on the profile of the respondent (e.g. Reiter et al., 2013). It is
generally felt that such advances make simulated or controlled environments more realistic
travel choice environments and increase the validity of the collected data (Chorus, 2007).
Additionally, following the previous Section, a method that focusses on relative perception
would be a method that adds to the state-of-the-art and therefore offers a promising avenue for
new research. Besides reducing the problem of reporting errors, such an approach also
provides data on the perception of non-chosen alternatives which is usually not available. As
there is no common understanding on the importance of the level of experience or familiarity
this appears to be an interesting aspect to include.
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4.4.3 Waiting time perception
Concerning the perception of waiting time at traffic lights we conclude that there are no
studies in which respondents were asked to estimate absolute waiting time (e.g. in seconds).
In all cases, respondents were asked to estimate the level of service. Besides, there appear to
be no studies that focused on drivers’ ability to estimate the difference between subsequent
situations. Video-based questionnaires have proven to be an effective way to study waiting
time perception and this method can be used again. However, transferring the approach of
Papadimitriou et al. (2010), which would entail interviewing subjects soon after they waited at
a traffic light, is worth exploring too. To limit the time between the waiting time experience
and the interview, subjects could be interviewed at the next downstream signalised
intersection or at a downstream parking area nearby. The advantages of a parking area are that
there is sufficient time to complete the questionnaire (as opposed to the duration of the red
phase) and that specific travel purposes can be targeted when the parking area is liaised to
business or recreational activities.
4.4.4 Objective data
To evaluate the subjective data from the questionnaire, objective (measured) data is needed
which can be traced to each respondent individually. This is one of the major problems with
RP studies (Chorus, 2007). To obtain high quality objective data is usually complicated.
Mobile sensors that are carried by the respondent offer a solution, but only record the travel
time of the chosen route, while the travel times of alternative routes are normally unknown.
Additional effort is required to determine these travel times, possibly relying on average
values. Today, many road authorities have roadside systems in place that provide travel times.
Examples are number plate recognition cameras, inductive loop detectors and Bluetooth
sensors. Since the sample size of these systems is much larger than methods that rely on GPS
and GSM, their travel time measurements are usually more accurate and fairly accurate in
general. Therefore it is interesting to consider the use of travel time data from roadside
systems to complement data from mobile sensors.

4.5

Conclusion

To study the perception of travel time and the perception of waiting time the research method
should provide both objective data and subjective data that allow studying the correlation
between actual time measurements and time perception. Following the latest trend in choice
analysis it is opportune to find a balance between SP and RP methods to ensure the highest
possible level of validity with sufficient experiment control and a large enough sample size
for meaningful results.
Within these constraints our approach will focus on combining the strengths of questionnaires
and real-world driving experiments for example through interviews immediately after the
(travel or waiting) time has elapsed or by addressing situations that are well known by the
respondent. Additionally, with effective questionnaire design, the right use of scales and
emphasis on comparative capabilities of users (i.e. relative perception of time) rather than the
estimation capabilities, we believe that such an approach to study time perception can be
successful.
Finally it is necessary to mention two limitations. First, it is almost impossible to
systematically change real-world conditions and evaluate how perceptions of travellers
change accordingly. However, real-world conditions fluctuate due to day-to-day variability
which can be exploited for the evaluation of relative perception. For example, it is possible to
ask subjects to compare a travel time with the travel time on the previous day. Secondly, the
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composition of the population cannot be controlled if respondents are recruited randomly.
Nevertheless, as many studies did not find statistically significant results for demographics of
respondents we decided to exclude demographics of respondents from our surveys unless the
data can be easily obtained.
The selected approach and actual experiment design are presented in Chapters 5-11.
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5.

Drivers’ perception of route alternatives as
indicator for the indifference band

This Chapter also has been published in: Vreeswijk, J., Thomas, T., Van Berkum, E., and
Van Arem, B., 2013. Drivers' perception of route alternatives as indicator for the
indifference band. Transportation Research Record: Journal of the Transportation
Research Board, No. 2383, pp. 10-17. Washington D.C., doi:10.3141/2383-02. Reproduced
with permission of the Transportation Research Board.

5.1

Abstract

Although travel time is probably one of the most important attributes in route choice, the
shortest time route is often not the preferred route according to several studies in the
literature. This study tries to explain this finding by testing the hypothesis that choice makers
may be able to estimate travel times correctly for routes they prefer, but that they are biased
against alternatives even if these are faster. For a few choice sets of routes in the Dutch city
of Enschede, respondents were asked to choose a route and provide their estimated travel
times for both the preferred and alternative routes. These travel times were then compared
with actual travel times from a license plate study. The comparison confirmed the hypotheses.
For chosen routes, perceived travel times correspond quite well with actual travel times on
average, while for non-chosen routes, perceived travel times are overestimated by 3 – 4
minutes on average. These results show that drivers are not able or do not want to evaluate
routes objectively. This implies that within an indifference band of route delay and/or travel
time inequality of on average 3 – 4 minutes, drivers are probably not willing to alter their
route choice, even if the traffic situation induced for example by traffic management measures
changes in a negative way for their preferred route.

5.2

Introduction

Derived from standard economics it is often assumed in transport modelling that travellers are
rational decision makers and have perfect knowledge on all available choice alternatives.
Moreover, that they can calculate the value of the different options available, that they are
able to derive the optimal choice, and that they are cognitively unhindered in weighting the
implications of each potential choice (Avineri and Prashker, 2004; Srinivasan and
Mahmassani, 1999). In other words, people presumably make logical and sensible decisions
and quickly adopt their choice to changing conditions. Therefore, and based on Wardrop’s
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user equilibrium theory, drivers are generally assumed to choose the shortest travel time route
(e.g. Wardrop, 1952).
5.2.1 Bounded rationality
There is increasing recognition that these assumptions are debatable while increasing interest
to adopt theories from fields of cognitive psychology, social sciences and behavioural
economics is growing. In reality, people may have limited knowledge and constrained
cognitive abilities, leading to prejudiced reasoning and seeming randomness in choice
behaviour (Avineri and Prashker, 2004; Chorus and Timmermans, 2009). Behavioural
economics draw on the aspects of both (cognitive) psychology and economics, and studies the
motives and behaviours that explain deviations from rational behaviour (Ariely, 2009;
Avineri, 2010). This perspective on choice decisions is known as bounded rationality or
satisficing behaviour as first introduced by Herbert Simon (Simon, 1955; 1978), and also
found its way into transport research (e.g. Mahmassani and Chang, 1987; Chang and
Mahmassani, 1989; Jayakrishnan et al., 1994). Since then, multiple studies suggested that
these irrational behaviours are neither random nor senseless; they are systematic, consistent,
repetitive, and therefore predictable (Kahnemann and Tversky, 1979; Tversky and
Kahnemann, 1981; Ariely, 2009; Avineri, 2010).
5.2.2 Indifference bands
A well-known mechanism derived from the principles of bounded rationality is the notion of
indifference bands (Mahmassani and Chang, 1987). According to the theory of indifference
bands, drivers will only alter their choice when a change in the transport system or their trip
characteristics, for example the travel time, is larger than some individual-situation-specific
threshold (Chang and Mahmassani, 1988; Mahmassani and Liu, 1999; Jou et al., 2005). These
indifference bands are generally conceptualised as being a function of underlying reasons, for
example that a driver is not alert to changes due to the formation of habits, that a driver is not
able to ‘see’ the change because it is small or outside the driver’s periphery, that the driver is
indifferent if the type of change is regarded insignificant, or simply because of a lack of
(knowledge of) alternatives. The majority of the studies cited above mainly examined drivers’
indifference to early or late arrival relative to the desired arrival time, while not much
attention has been devoted yet to indifference with respect to route delay and/or inequality of
travel time between routes. Recent work demonstrated that application of indifference bands
in traffic control and route guidance can successfully steer a system towards its optimal state
(Vreeswijk et al., 2013a; Vreeswijk et al., 2012b). It was recognised that the main challenge
lies in estimating the width of the indifference band. Arguably, there is no conclusive way to
estimate the indifference band as there is presumably no unique width that fits all route-choice
situations, trip purposes and personal and cultural factors. Nonetheless, with empirical data of
different kind (e.g. field data, survey and simulator) and from different perspectives (e.g.
awareness, perception and choice) it is possible to approximate an average width of the
indifference band.
5.2.3 Perception error
In this paper we focus on the issue of perception of route alternatives. Looking at route
choice, there is evidence that drivers do not necessarily choose the shortest time route. Even
in cases with non-trivial travel time differences between routes in the range of 2-5 minutes or
8-20% of the average travel time, such as shown in GPS surveys in the US [e.g. 19, 20, 21],
and Italy [23]. Many other attributes were found to be important in route choice (Pécheux et
al., 2004), including directness, road hierarchy, number of intersections and turns (Chen et al.,
2001; Bar-Gera et al., 2006; Beckor et al., 2006; Bruney et al., 2010; Papinski and Scott,
2011; Thomas and Tutert, 2010), reliability of travel time, distance and maximum speed
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(Abdel-Aty et al., 1997; Chen et al., 2001; Train and Wilson, 2008; Papinski and Scott, 2011),
information and weather (Peeta and Yu, 2006), and the moment of congestion (Hato et al.,
1999; Batley and Clegg, 2001; Eby and Molnar, 2002). However, due to the formation of
habit, as a result of making the same choice over and over again, drivers become less attentive
to changes in the route attributes and continue using the specific route even though it may not
be the best one anymore (Verplanken et al., 1997; Aarts and Dijksterhuis, 2000).
More in general, according to choice decisions discussed in the literature, drivers’
perceptions regularly deviate from reality and are on average around 60% accurate (e.g.
Tawfik and Rakha, 2012b; Tawfik et al., 2010a). Three types of choice behaviour were
derived from these studies: (1) logical behaviour that reflects drivers choosing better
perceived routes (perceive route A better and choose route A), (2) cognitive behaviour
reflecting drivers choosing a route in spite of not perceiving a difference between both routes;
to reduce mental working load (perceive no difference, choose any route), and (3) ‘irrational’
behaviour that reflects drivers choosing worse perceived routes (perceive route A better and
choose route B). This ‘irrational’ behaviour could however also be caused by habits, which
were perfectly ‘rational’ when they were first formed. It is important to note that all these
behaviour can be expressed by the same individual.

5.3

Scope

In this paper we combine an internet survey and a license plate survey to study the empirical
relationship between perception of travel time, actual travel time and route choice. In
preparation of a more extensive survey the aim of this study was exploratory to provide
preliminary findings. The main motivation of this research is that the error in drivers’
perception of route alternatives is presumably a good indicator for the indifference band. For
example, consider the case of two identical routes with equal travel times. If one route is
perceived as say 2 minutes faster, this route will be chosen, and in theory, drivers will only
switch routes if the travel time of this route increases by 2 minutes or more, or the travel time
of the alternative route reduces with at least 2 minutes. Hence, drivers are indifferent to travel
time inequalities of less than 2 minutes, i.e. the indifference band would be 2 minutes. As
suggested before, this 2 minute band can be utilised by system management interventions to
improve system performance without unintended behavioural response effects.
To measure the error in drivers’ perception of route alternatives we adopt from cognitive
science what is known as the ‘choice-supportive bias’. That is, people are more likely to
attach positive feeling to options they choose and attribute negative features to options they
reject (e.g. Mather et al., 2003; Henkel and Mather, 2007). In terms of route choice this
suggests that driver have different perceptions of routes they frequently use than routes they
hardly use. Therefore we distinguish four variables in the analysis of our study:
1. ATT+, the actual travel time of the used alternative.
2. PTT+, the perceived travel time of the used alternative.
3. ATT-, actual travel time of the non-used alternative.
4. PTT-, perceived travel time of the non-chosen alternative.
Based on the theory of choice-supportive bias, literature review and the intention to estimate
the indifference band, three hypotheses were tested. An accepted hypothesis provides
evidence that the choice-supportive bias exists in route choice. The extent to which the
hypothesis is right is considered a good indicator for the width of the indifference band. The
three hypotheses are:
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1. ATT+ ≈ PTT+. Travel times of chosen routes are perceived on average as being more
or less what they actually are.
2. ATT- < PPT-. Non-chosen routes are perceived as being longer than they actually are.
3. PTT+ < PPT-. Chosen routes are generally perceived as being faster than non-chosen
routes.
In the next Section the approach for data collection is further described. Thereafter the results
are presented followed by discussion and conclusion.

5.4

Approach

To assess drivers’ perception of route choice alternatives we compared perceived travel times
with actual travel times. Perceived travel times were measured by means of an internet
survey, while actual travel times were derived from a license plate survey. Both surveys were
held in the medium-sized city Enschede in the Netherlands, which has about 130.000
inhabitants. Although the city is relatively small and compact in an international context, it
can be considered a large city (13th in the Netherlands) in the Dutch context.
5.4.1 Perceived travel time: Internet survey
The survey included 4 route choice situations for 4 different origin-destination pairs. In 3 of
the 4 cases there were 2 route alternatives while in the fourth case there were 3. Only routes
for which reliable actual travel times were available were used. The four route choice
situations are shown in Figure 10 Route characteristics are provided in Table 4.

Figure 10: Route choice situations 1 to 4 as used in the survey
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Respondents to the survey were recruited through personal invitation and the Enschede
Facebook page. Respondents were asked only to complete the survey if they are experienced
car drivers and well-known with driving in the city of Enschede. The survey was on-line for
two weeks in June 2012. During the entire survey respondents had to consider morning peak
hour traffic while making a trip from home to work. For each route choice situation they first
had to indicate which route they would take. Before moving on to the next route choice
situation they were asked to estimate the travel time of all routes.
5.4.2 Actual travel time: License plate survey
Actual travel times were derived from a license plate survey. Detailed information on survey
characteristics, pre-processing of the data, error treatment and measurement results are
available in (Thomas and Tutert, 2010). Human monitoring stations were positioned in three
concentric circle cordons, covering all main roads: a city centre (starting with letter ‘C’), a
city orbital (starting with letter ‘S’) and an outer city cordon (starting with letter ‘T’). Also see
Figure 11. At in total 44 monitoring stations all car license plates and their time passage were
registered during a Saturday and during the rush hour and off peak of a Tuesday.
A route is defined as a sequence of consecutive stations. Due to the large number of
observations (on average 100 between the same consecutive stations and per period), average
travel times are quite accurate between most consecutive stations. By adding these average
travel times, the travel time of the corresponding route was obtained. This procedure allowed
us to estimate accurate travel times for routes with few observations or even for unobserved
routes. For this study only the travel times measured in the peak-period were used.

Figure 11: Monitoring stations in the license plate survey of Enschede 2008. The thick
lines are main roads (≥ 50 km/h), of which the dark ones represent the main road
structure. The lines are residential streets (30 km/h)

5.5

Results

In total 51 respondents reliably completed the entire survey. Respondents consist of a random
sample among university employees, friends, colleagues and social media (e.g. Enschede
Facebook). The sample is considered homogeneous as all respondents are residents of
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Enschede, frequent car drivers and well-known with the traffic network. This response
provided 459 travel time estimates over 9 different routes in 204 choice situations. The results
are summarised in Table 4. To derive the p-values for rows 12, 16 and 20, t-tests were used.
Differences are significant with p ≤ 0.05 and highlighted in grey.
The first two rows indicate the OD-pairs and routes as shown in Figure 10, while rows 4 to 8
indicate the route characteristics in terms of route type, route distance, average travel speed,
actual travel time (ATT) and travel time reliability. On row 3 the choices of the 51
respondents are shown. Over 4 choice situations for different OD-pairs, 204 choices were
recorded. When looking at the choices and the ATT it becomes immediately clear that a
substantial fraction of the respondents did not select the shortest time route. In only 41% of
the cases the shortest time route was chosen, which in this case were also the most reliable. In
comparison, 56% of the respondents choose the route with the highest average speed, 35% of
the respondent selected the route which is shortest in distance, and 74% of the respondents
choose the orbital route if the choice was between orbital and centre routes. The rows 9 to 12
deal with perceived travel times of all respondents together (PTT+/-). Rows 9 and 10 show
that travel times were generally overestimated (p-values in row 12) and that travel time
estimates are largely variable. On average, travel times were overestimated by 2.54 minutes
which equals about 19% of the average actual travel time.
5.5.1 The difference between perceived and actual travel time
The meaning of average perceived travel time is ambiguous. Dependent on whether a route is
often chosen or not, perceived travel times may vary. We therefore also considered estimates
of respondents who selected a route (i.e. users) and those who did not (i.e. non-users)
separately. Rows 13 to 16 summarise results of perceived travel times of users (PTT+), while
rows 17 to 20 deal with travel time perceptions of non-users (PTT-). Note that the sample size
for users equals the number of choices in row 3, whereas the sample size of non-users is the
total number of respondents (i.e. 51) deducted by this Figure. The rows 21 and 22 compare
the perceptions of users and non-users.

Figure 12: Perceived travel time versus actual travel time (minutes)
For users, the perceived travel times are on average 0.89 minutes longer than the actual
travel times, but this difference is not statistically significant (p-value 0.099, cell j16) In fact,
the difference of 0.89 minutes can be mainly attributed to the four routes (i.e. 1b, 2a, 3c and

Table 4: Summary of survey results
Rows / Columns
(1) Origin-Destination pair
(2) Route
(3) Number of choices
(4) Road hierarchy
(5) Route Distance (km)
(6) Average Speed (km/h)
(7) Actual Travel Time (ATT) (min.)
(8) ATT STDEV (min.)
(9) Perceived Travel Time – All (PTT+/-)
(10) Difference (9)-(7)
(11) PTT+/- STDEV
(12) p-value (7) vs. (9)
(13) Perceived Travel Time – Only users
(14) Difference (13)-(7)
(15) PTT+ STDEV
(16) p-value (7) vs. (13)
(17) Perceived Travel Time – Only non-users
(18) Difference (17)-(7)
(19) PTT- STDEV
(20) p-value (7) vs. (17)
(21) Difference PTT+ - PTT- (13)-(17)
(22) p-value (13) vs. (17)

(a)
1
1a
41
Orbital
3.00
15.79
12.4
5.6
12.28
-0.12
6.92
0.905
11.65
-0.75
5.99
0.425
14.90
2.55
9.848
0.443
-3,25
0,339

(b)
1
1b
10
Centre
2.40
14.85
10.6
2.8
15.95
5.35
6.41
0.000
13.60
3.00
7.85
0.258
16.52
5.92
5.981
0.000
-2,92
0,292

(c)
2
2a
27
Orbital
4.30
22.05
11.6
2.8
14.80
3.20
6.35
0.001
13.60
2.00
4.18
0.022
16.25
4.65
7.919
0.009
-2,65
0,123

(d)
2
2b
24
Centre
2.90
12.17
16.9
4.8
18.19
1.29
7.06
0.199
17.48
0.58
8.04
0.727
18.81
1.91
6.140
0.117
-1,34
0,512

(e)
3
3a
30
Orbital
3.80
17.67
13.9
5.1
14.73
0.83
5.23
0.265
14.27
0.37
5.34
0.710
15.38
1.48
5.133
0.201
-1,11
0,63

(f)
3
3b
6
Centre
3.50
16.28
17.5
6.4
18.57
1.07
5.82
0.196
15.33
-2.17
3.98
0.240
19.00
1.50
5.925
0.097
-3,67
0,075

(g)
3
3c
15
Orbital
4.60
20.91
11.7
2.8
17.10
5.40
7.10
0.000
12.87
1.17
3.52
0.220
18.86
7.16
7.495
0.000
-5,99
0,005

(h)
4
4a
20
Centre
3.60
17.85
12.4
3.5
13.95
1.55
5.17
0.037
12.43
0.03
6.03
0.985
14.94
2.54
4.351
0.003
-2,51
0,117

(i)
4
4b
31
Centre
3.20
19.39
10.7
2.1
14.98
4.28
5.77
0.000
14.45
3.75
4.21
0.000
15.80
5.10
7.647
0.008
-1,35
0,421

(j)
Cum.
204

2.54
6.48
0.000
0.89
5.81
0.099
16.72
3.64
6.62
0.000
-2,76
0,013
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4b) on the left side of Figure 12. This Figure also suggests that the respondents overestimated
small travel times more than large travel times. For users, these findings are not
statistically significant due to the large variation in both the perceived and actual travel times,
which were also not observed at the same moment, and given the relatively small numbers of
respondents preferring these routes. Contrarily, non-users significantly overestimated travel
times, with 3.64 minutes on average (p-value 0.000, cell j20). The difference between the
perceived travel times of users and non-users confirms this. On average over all routes, nonusers overestimated travel times with 2.76 minutes more than users did (p-value 0.013, cell
j22). Notably, on a route level this finding was only statistically significant for one route. We
contribute this to the limited sample size per route. Furthermore, Figure 12 shows the relation
between actual and perceived travel times. As expected, the Figure shows a positive
correlation between perceived travel times and actual travel times (correlation coefficient of
0.69 for PPT+ and 0.57 for PPT-). Due to the limited number of routes, only for PPT+ the
correlation is significant.
5.5.2 The perceived travel time for chosen and non-chosen routes
In Figure 13, we take a slightly different perspective. For each OD pair and each respondent,
the difference between perceived and actual travel time is compared for the chosen and nonchosen routes. Each symbol in Figure 13 thus represents one respondent and one OD pair. For
OD pair 3, two comparisons were made per respondent, because that OD pair has two nonchosen alternatives.

Figure 13: Per respondent and route pair, the difference between perceived and actual
travel time for the chosen and non-chosen route
From Figure 13, we draw the following conclusions. The perceived travel time estimates vary
widely with respect to the actual travel time as users both overestimate and underestimate
travel times. In particular, some respondents clearly overestimated travel time. However,
compared with the average difference of 0.89 minutes (which was not statistically significant)
for chosen routes, the median difference between perceived and observed travel time is only
0.1 minutes. This is in line with hypothesis 1 and literature; people’s estimates of chosen
routes are on average fairly accurate, but individual estimates vary widely.
Not surprisingly, there is a clear correlation between the rate of overestimation of travel time
of chosen and non-chosen routes. Respondents that overestimate the travel time of the chosen
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route, tend to overestimate the travel time of the non-chosen route even more. In fact, the
relation between PTT- - ATT- and PTT+ - ATT+ can be well described as: PTT- - ATT- =
PTT+ - ATT+ + x minutes. In other words, when correcting for differences in actual travel
time (or when assuming the same actual travel time), the perceived travel time of the nonchosen route is on average x minutes longer than that of the chosen route. In this case and
based on Figure 13 and Table 4, x equals 3.77 minutes. As explained in the introduction, this
difference can be seen as a measure for the indifference band regarding perception of travel
time inequality between routes. Notably, in as much as 90% of the cases respondents
intentionally chose the route which they perceived as being shortest. This is in line with
hypothesis 3, which stated that respondents tend to choose routes with shorter perceived travel
times. The remaining 10% can only be explained by the influence of non-observed factors.
Another finding worth mentioning is the apparent negative correlation between travel time
variability (ATT STDEV, row 8) and the perception error (PTT-ATT, row 10) as shown in
Figure 14. A similar result was found by (Ramos et al., 2012). This counterintuitive result
may be explained as follows. Travel time variability is correlated with traffic light density.
Orbital routes for example, with relatively many traffic lights show high travel time
variability and low average speed. Table 4 shows the negative correlation between average
speed and travel time variability for orbital routes. For centre routes, this negative correlation
is less distinct. If perceived travel time is merely based on route distance and road hierarchy
(in this case orbital route versus centre route), but less on local differences in speed, then
perceived travel time will be less overestimated when the actual speed is relatively low.
Hence the actual travel time and travel time variability are relatively high. In fact, this is
consistent with observations from (Thomas and Tutert, 2010) showing that drivers prefer the
orbital, even when the actual travel time along the orbital is relatively long (and longer than
the centre route) due to low speeds locally.

Figure 14: Perception error versus travel time variability (minutes)

5.6

Discussion

The results of the survey revealed that in a significant fraction of the cases (i.e. 59%), the
actual travel time of chosen routes (ATT+) was larger than the actual travel time of nonchosen routes (ATT-). This finding is in line with the literature, as other factors such as
average speed, route distance, travel time reliability and/or road hierarchy might explain the
choices of respondents.
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Looking at travel time perceptions it was found that for chosen routes, perceived travel times
(PTT+) correspond well with actual travel times on average, although they still are widely
variable. Therefore, this result appears to confirm the first hypothesis (ATT+ ≈ PTT+). The
second hypothesis (ATT- < PPT-) can also be accepted as non-chosen routes are clearly
perceived as being worse than they actually are. On average the respondents overestimated
the travel times of non-chosen routes by 3.64 minutes. With regard to the second hypothesis
(PPT+ < PTT-) a significant different between PTT+ and PTT- was found. On average PTTwas 2.76 minutes larger than PTT+ which was expected and confirms the third hypothesis:
chosen routes are in general perceived as being faster than non-chosen routes. Also, when
corrected for actual travel time, the average bias against non-chosen routes (compared to that
of the chosen route) as shown in Figure 13 is of the same magnitude.
Clustering of routes based on route characteristics was attempted, but did not provide
conclusive results as the number of respondents in this dataset was too low. The clusters that
we examined were: orbital routes versus centre routes, shortest versus non-shortest time
routes, shortest versus non-shortest distance routes, highest versus non-highest average speed
routes, and most chosen versus least chosen routes. There are some descriptive findings worth
mentioning. First of all, it appears that the average speed of a route best explains the choices
of the respondents. For route distance it is exactly opposite; shortest distance routes were
perceived as being longer in time. These findings correspond with results reported in literature
discussed earlier (Tawfik and Rakha, 2012b). They are also in line with observations from
[25] showing drivers prefer the ‘high speed’ orbital routes rather than the ‘short distance’
centre routes. In fact, for all OD pairs in this sample, the orbital routes show the highest
speeds, whereas the centre routes are shorter in distance. Secondly, the perception error of
users (ATT-PPT+) was almost negligible for routes that were chosen the most. This confirms
other results which suggest that drivers’ perception of routes they use frequently on average is
fairly accurate. It requires more empirical evidence to thoroughly study differences in route
clusters.
It is important to consider the following when deriving conclusions from the results presented.
The actual travel times used in this study are based on only one measurement period. Analysis
could have been more reliable if the historical travel times were used. Unfortunately, such
data was not available. Nonetheless, earlier work suggested that the actual travel times based
on the license plate survey well reflect historical travel times (Thomas and Tutert, 2010).

5.7

Conclusion

To assess drivers’ perception of route choice alternatives we compared perceived travel times
with actual travel times. Perceived travel times were measured by means of an internet
survey, while actual travel times were derived from a license plate survey. Based on four
hypotheses this study aimed to (1) determine whether or not the choice-supportive bias exists
in route choice, and (2) estimate the width of the indifference band associated to route delay.
The study results presented in this paper provide evidence in favour of the choice-supportive
bias in route choice. The following conclusions can be made.
- ATT+ = PTT+. Travel time perceptions of chosen routes are fairly accurate. On
average, travel times are overestimate by 2.54 minutes, but there is no evidence that
specifically chosen routes are perceived as being better than they actually are.
- ATT- < PTT-. Non-chosen routes are perceived as being worse than they actually are.
Travel times of non-chosen routes are overestimated by 3.64 minutes on average.
- PTT+ < PTT-. Chosen routes are perceived as being better than non-chosen routes, on
average by 2.76 minutes. On a respondent level by 3.77 minutes.
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Estimating the width of the indifference band of route delay and/or inequality of travel time
based on these findings is not trivial and at best should be regarded indicative rather than
conclusive. Notice that the indifference band may be related to both changes in the current
choice and changes in the choice alternative. That is, in the case of equal travel times drivers
are assumed to only alter their choice if the travel time of the current choice increases by more
than the indifference band, or the travel time of the choice alternative decreases by more than
the indifference band. The results presented here differ per route, which confirms the situation
specific nature of the indifference band. However, looking at the averages some trends can be
derived. The differences between the hypotheses variables are assumed to be reasonable
indicators. Based on these, i.e. the perception errors, it is sensible to assume that the
indifference band, on average, is in the range of 3-4 minutes.
Future research will attempt to detail the estimates of the indifference band with focus on its
usability in operational traffic management and traffic models. It is important to emphasise
that the 3-4 minutes mentioned above is an average which can serve as a reference and outline
the magnitude. However, it can only partially predict drivers’ ability to detect changes in
travel time and resulting route switching behaviour. In reality some drivers will have an
indifference band of 30 seconds while others may have an indifference band of 5 minutes.
Additionally, also the influence of the availability of alternatives, route characteristics,
personal characteristics (e.g. trip purpose) should be explored. Clearly there is no
deterministic indifference band that fits all situations and all individuals. However, when
considering the application of indifference bands in traffic management and traffic control
systems, it is important to note that these systems often cannot distinguish between driver
classes in great detail anyhow. For example, variable message signs and traffic light
controllers address the whole driver population; therefore an average indifference band would
be sufficient input for their optimisation process. To compromise, it is opportune to explore
the feasibility of a probabilistic indifference band in addition to a deterministic one. It will
require more empirical research to prove whether or not it is possible to derive such a
distribution from observed differences in perceived travel times. In this way this research may
contribute to the improvement of random utility models and the definition of the random
component in particular.
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6.1

Abstract

Travel time is probably one of the most studied attributes in route choice. Recently,
perception of travel time received more attention as several studies have shown its importance
in explaining route choice behaviour. In particular, travel time estimates by travellers appear
to be biased against non-chosen options even if these are faster. In this paper, we study travel
time perception and route choice of routes with different degrees of road hierarchy and
directness. In the Dutch city of Enschede, respondents were asked to choose a route and
provide their estimated travel times for both the preferred and alternative routes. These travel
times were then compared with actual travel times. Results from previous studies were
confirmed and expanded. The shortest time route was chosen in 41% of the cases while the
perceived shortest time route was chosen by almost 80% of the respondents. Respondents
overestimated travel time in general but overestimated the travel time of non-chosen routes
more than the travel time of chosen routes. Perception of travel time depends on road
hierarchy and route directness, as more direct routes and routes higher up in the hierarchy
were perceived as being relatively fast. In addition, there is evidence that these attributes also
influence route choice independently of perceived travel time. Finally, travel time perceptions
appear to be most strongly biased against non-chosen options when respondents were familiar
with the route or indicated a clear preference for the chosen routes. This result indicates that
behaviour will be more difficult to change for the regular travellers.

6.2

Introduction

This paper presents the results of a survey that builds upon previous research on drivers’
perception of route alternatives (Vreeswijk et al., 2013c). The broader research interest is to
identify and quantify perception errors associated to route choice and use these as an indicator
for the thresholds related to so-called indifference bands. In earlier research, it has been
observed in some cases that drivers only alter their choice when the utility, e.g. travel time,
difference between two alternatives becomes larger than some individual-situation-specific
threshold (i.e. the indifference band) (Srinivasan and Mahmassani, 1999; Mahmassani and
Chang, 1987). One explanation is that this phenomenon is related to satisficing behaviour
which states that drivers consciously make choices that are satisfactory rather than optimal
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(Simon, 1978; 1955). However, suboptimal choice behaviour may also occur unconsciously
due to limited awareness and errors in perception, which is caused by imperfect knowledge
and limited cognitive abilities (Chorus and Timmermans, 2009; Ariely, 2009). This behaviour
is better known as bounded rationality. Finally, there is evidence that drivers do not
necessarily choose shortest time routes (Pécheux et al., 2004; Chen et al., 2001; Bar-Gera et
al., 2006; Bruney et al., 2010; Jan et al., 2000; Zhu and Levinson, 2012), which can be
explained by the importance of many other route attributes: directness, road hierarchy,
number of intersections and turns (Chen et al., 2001; Bar-Gera et al., 2006; Beckor et al.,
2006; Bruney et al., 2010; Papinski and Scott, 2011; Thomas and Tutert, 2010), reliability of
travel time, distance and maximum speed (Abdel-Aty et al., 1997; Chen et al., 2001; Train
and Wilson, 2008; Papinski and Scott, 2011), information and weather (Peeta and Yu, 2006),
and the moment of congestion (Hato et al., 1999; Batley and Clegg, 2001; Eby and Molnar,
2002). It is however not clear if these attributes are consciously considered by the decision
maker and therefore explicitly contribute to the utility, or if they influence route choice
indirectly because they alter the travel time perception of the driver. Connecting
psychological and behavioural mechanisms with route choice mechanisms to improve traffic
models and/or traffic information systems is not new (e.g. Srinivasan and Mahmassani, 2000;
Avineri and Prashker, 2005; Han et al., 2007; Prato, 2009; Zhang, 2011; Tawfik and Rakha,
2012). However, there is a strong need for more empirical evidence to better understand these
mechanisms and to support the assumptions made.
Although traditionally it is assumed that drivers objectively weight the attributes of the choice
options available to them, there may be a strong connection between perceived travel times on
the one hand and route attributes and route choice on the other hand. Recently, interest in the
study of travel time perception has increased. One study concluded that drivers attach higher
value to travel time variability when examining perceived travel time measurements, whereas
they attach higher value to expected travel time when only real measurements of travel times
are analysed (Carrion and Levinson, 2013b). Another study highlights that the travel time
perception error of travellers has been largely ignored and concludes that drivers use
thresholds to determine whether a travel time is within an acceptable margin or not, while
simultaneously considering the frequency of travel times (they are able to recall) within these
acceptable margins (Carrion and Levinson, 2013a). A third study showed that perceived travel
times are highest for shorter distance trips and for networks with many alternatives and/or no
clear optimal alternative, whereas perceived travel times are shorter when high hierarchy links
are present (Parthasarathy et al., 2013). Lastly, (Tawfik and Rakha, 2012b) found that
perceptions were only 50% accurate and that drivers’ perceptions of travel speeds were more
accurate than their perceptions of travel time.
In the previous study of the authors (Vreeswijk et al., 2013c) we found that compared to
actual travel times, the perception of travel time was significantly worse for options that were
not chosen. This provides evidence in favour of the choice supportive bias which suggests
that people are more likely to attach positive feeling to options they choose and attribute
negative emotions to options they reject. Furthermore, perceived travel time appeared to be a
more relevant attribute for route choice than actual travel time. At the same time, there was
some indication that drivers perceived the preferred ‘high speed’ orbital routes as being faster
than the less frequently chosen ‘short distance’ centre routes, even if the average travel time
of the former was longer. However, none of these results were found to be statistically
significant due to low number statistics.
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In anticipation to these aspects, the aim of this study is threefold: (1) reproduce the findings
from the previous study; (2) study the influence of road hierarchy and directness on route
choice and the perception of travel times, and (3) study the influence of familiarity and
preference on route choice and the perception of travel times. In the next Section the approach
for data collection is further described. Thereafter the results are presented followed by
discussion and conclusions.

6.3

Approach

To assess perception bias of route choice alternatives we compared perceived travel times
with actual travel times. The actual and perceived travel times consist of the following four
travel times:
1. ATT+, the actual travel time of the chosen alternative.
2. PTT+, the perceived travel time of the chosen alternative.
3. ATT-, actual travel time of the non-chosen alternative.
4. PTT-, perceived travel time of the non-chosen alternative.
Data was collected in the medium-sized city Enschede in the Netherlands, which has about
130.000 inhabitants. Although the city is relatively small and compact in an international
context, it can be considered a large city (13th in the Netherlands) in the Dutch context.
Perceived travel times were measured by means of an interview survey, while actual travel
times were derived from probe vehicles. For decades survey methods and survey design has
been an important topic (e.g. Ampt et al., 1985; Bonnel et al., 2009) that recently revived with
the availability of new technologies (e.g. Bie et al., 2012a; Reiter et al., 2013). To overcome
some of the deficiencies of stated choice data such as discussed in these studies, realistic
choice options based on real-world routes were used in this experiment. These choices
represent real choices that are being made by many motorists every day when they traverse
the centre of Enschede.
We also distinguish between familiar and non-familiar respondents. For respondents that are
familiar with the situation, we can assume that they have actually made these route choices
before. For these respondents, the data may therefore be viewed as revealed choice data in
which reported travel times are based on the respondents’ actual experiences. The choice data
of non-familiar respondents offers a new opportunity to evaluate this assumption and to
determine the effect of familiarity on route choice and perception.
Ideally, perceived and actual travel times should be collected for individual trips, which
unfortunately was not possible in this case. Inevitably, this means that we used averages when
comparing perceived and actual travel times. However, we will also compare mutual
perceived travel times, i.e. those between chosen and non-chosen alternatives. In this case,
individual perceived travel times of different alternatives can be compared in a relative way,
meaning that possible biases in perception caused by the experimental setup will cancel each
other out.
6.3.1 Interview survey
The survey was based on a real-world scenario and included 4 choice situations for 1 OD-pair
based on 4 route alternatives. Respondents were recruited at parking areas on the university
campus on two different days with 6 weeks in between. The respondents represent a random
sample of university employees, students and visitors. To study the effect of road hierarchy
(i.e. orbital or urban route) and directness (i.e. north or south route) on perceived travel times,
a pairwise survey design was chosen.
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The choice situations for the two treatments were as follows:
- Treatment 1 on day 1 (north vs. south):
o Choice situation 1: orbital-north vs. orbital-south.
o Choice situation 2: centre-north vs. centre-south.
- Treatment 2 on day 2 (orbital vs. centre):
o Choice situation 1: orbital-north vs. centre-north.
o Choice situation 2: centre-south vs. orbital-south.
At the start of the interview a map was shown on which the choice situations were indicated
(see Figure 15). The respondents were asked to imagine they had to make a business trip from
the university to a business park in the morning peak period. Four questions had to be
answered for each of the choice situations. First the respondents had to indicate their level of
familiarity with each of the routes on a 4-point scale (very familiar, moderate familiar, used 12 time, never used). Next the respondents had to indicate which route they would choose
before they had to give an estimate of the travel time of both routes. Finally it was asked to
indicate the preference strength on a 4-point scale (high, medium, low, none).
Day 1 – Situation 1

From: UT

Day 1 – Situation 2

From: UT

Route 3

Route 1
Route 2

Route 4

To: Diekman

To: Diekman
Day 2 – Situation 1

From: UT

Day 2 – Situation 2

From: UT

Route 1

Route 2

Route 3
Route 4

To: Diekman

To: Diekman

Figure 15: Route choice situations treatment 1 (top) and treatment 2 (bottom)
6.3.2 Travel time measurement
Actual travel times were derived from vehicle inductive profiles that were sampled by traffic
light inductive loop detectors. The system algorithm matches vehicle inductive profiles from
loop detectors located at neighbouring intersections to derive the actual travel time
accordingly (Blokpoel and Vreeswijk, 2011). Hence, travel time sections run from signalised
intersection to signalised intersection. In the city of Enschede all signalised intersections are
covered by the system. For 5-minute intervals the system outputs the average, minimum and
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maximum travel time. Route travel times are based on the cumulative travel time of
subsequent sections. AM-peak measurements (7:30 – 9:30) were used for this analysis. For
each 5-minute interval an average was calculated based on data of 15 working days.
As a result, Figure 16 shows the historic average travel time of the four routes. What stands
out is that the AM-peak period is relatively short while the PM-peak period lasts relatively
long. Usually, the orbital north route is the shortest time route while the orbital south route
has the highest average travel time. Except for the PM-peak period, the average travel time of
the centre south route is larger than the travel time of the centre north route.

Figure 16: Actual Travel Time of the four routes

6.4

Results

6.4.1 Results Perceived Travel Times
A total of 214 respondents completed the survey on day 1 and 103 respondents completed the
survey on day 2. This response provided 624 valid choice situations as not all respondents
completed both choice situations. The results are summarised in Table 5 and Figure 17. To
derive the p-values for rows 12, 14, 16, 17 and 18 t-tests were used. Differences are
significant with p ≤ 0.05 and highlighted in bold.
The first row indicates the choice situation as shown in Figure 15, while the rows 6 to 10
indicate the route characteristics in terms of route type, route distance, average travel speed
and actual travel time (ATT). The rows 2 to 5 summarise the choices made by the
respondents. Columns (a) to (i) show results for individual choice situations while the other
columns show aggregated results per route, by road hierarchy (orbital vs. centre) and by route
directness (north vs. south). Based on the choices and the route characteristics it can be seen
that 41% of the respondents chose the shortest time route. In comparison, 46% of the
respondents chose the route with the highest average speed and 54% chose the shortest
distance route. The rows 11 and 12 deal with perceived travel times of all respondents
together (PTT+/-) and show that travel times are generally overestimated while Figure 17
shows that travel time estimates have a large variance. On average, travel times were
overestimated by 5.5 minutes which equals about 40% of the average ATT.

Table 5: Summary of survey results – route level (p < 0.05 in bold)
Rows / Columns

(a)

(b)

(c)

(e)

(g)

(j)

(k)

(m)

(o)

(q)

87

118

52

50

66

37

624

133

199

137

155

118

87

168

251

(3)

Number of non-choices

133

81

118

87

50

52

37

66

624

183

118

170

153

87

118

251

168

(4)

Choices in situation (%)

38%

62%

42%

58%

51%

49%

64%

36%

42%

63%

45%

50%

(5)

Choices overall (%)

n/a

n/a

n/a

n/a

n/a

n/a

n/a

n/a

21%

31%

22%

25%

58%

42%

40%

60%

(6)

Road hierarchy

Orbital

Orbital

Centre

Centre

Orbital

Centre

Orbital

Centre

Orbital

Orbital

Centre

Centre

Orbital

Centre

(7)

Route directness

North

South

North

South

North

North

South

South

North

South

North

South

North

South

(8)

Route distance (km)

7.3

6.4

6.8

5.8

7.3

6.8

6.4

5.8

7.3

6.4

6.8

5.8

6.9

6.3

7.1

6.1

(9)

Average speed (km/h)

33.09

26.12

29.31

24.95

33.09

29.31

26.12

24.95

33.09

26.12

29.57

24.95

29.6

27.3

31.3

25.5

(10)

Actual travel time (ATT)
Perceived travel time
(PTT+/-)
Difference (11)-(10)
Perceived travel time
(chosen) - (PTT+)
Difference (13)-(10)
Perceived travel time
(non-chosen) - (PTT-)
Difference (15)-(10)
Difference PTT+ - PTT(route)
Difference PTT+ - PTT(choice situation)

13.2

14.7

13.8

13.9

13.2

13.8

14.7

13.9

14.0

13.2

14.7

13.8

13.9

14.0

13.9

13.5

14.3

19.5

19.01

19.56

19.77

19.98

19.86

18.88

20.59

19.5

19.7

19.0

19.7

20.0

19.4

20.2

19.5

19.4

6.3

4.3

5.6

5.8

6.7

5.9

4.2

6.6

5.5

6.5

4.3

5.9

6.1

5.5

6.4

6.0

5.1

20.04

17.75

19.52

18.81

19.44

19.24

18.41

19.68

18.9

19.8

18.0

19.4

19.0

18.9

19.5

19.8

18.3

6.8

3.0

5.6

4.9

6.2

5.3

3.7

5.7

4.9

6.6

3.3

5.6

5.1

5.0

5.6

6.3

4.0

19.17

21.07

19.59

21.06

20.54

20.46

19.73

21.11

20.2

19.5

20.7

19.9

21.1

20.1

20.8

19.4

21.1

5.9

6.4

5.7

7.1

7.3

6.5

5.0

7.2

6.2

6.3

6.0

6.1

7.1

6.2

6.9

5.9

6.7

0.9

-3.3

-0.1

-2.3

-1.1

-1.2

-1.3

-1.4

-1.3

0.3

-2.7

-0.4

-2.1

-1.2

-1.3

0.4

-2.8

-1.0

-1.4

-1.5

-0.8

-1.0

-1.3

-2.7

-0.1

-1.3

-1.0

-2.1

-1.4

-0.4

-1.9

-0.6

-1.3

-1.1

(17)
(18)

Agg. Hierarchy

(p)

133

(16)

Agg. Route

(n)

81

(15)

Cum.

(l)

Choice situation

(14)

4

(i)

Number of choices

(13)

3

(h)

(2)

(12)

2

(f)

(1)

(11)

1

(d)

Agg. Directness

* ‘Hierarchy is the sum of choice situations 3 and 4 (i.e. treatment 2), while ‘directness’ is the sum of choice situations 1 and 2 (i.e. treatment 1)
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Dependent on whether a route is often chosen or not, perceived travel times be different. We
therefore also considered estimates of respondents who selected a route (i.e. users) and those
who did not (i.e. non-users) separately. Rows 13 and 14 summarise results of perceived travel
times of users (PTT+), while rows 15 and 16 deal with travel time perceptions of non-users
(PTT-). Note that the sample size of users equals the number of choices in row 2, whereas the
sample size of non-users equals the number of non-choices in row 3. The rows 17 and 18
compare the perceptions of users and non-users, per route (e.g. cell 13a vs. cell 15a) and per
choice situation respectively (e.g. cell 13a vs. cell 15b).
For both users and non-users the perceived travel times are larger than the actual travel times,
with statistical significance. Further, the difference between PTT+ and PTT- shows that the
respondents on average overestimated travel times of non-chosen routes by 1.3 minutes more
than the travel times of chosen routes. This equals about 9% of the actual travel time.
Due to the large variation in the perceived travel time and the relatively small samples for
choice situation 3 and 4, this finding is only statistically significant on a limited number of
routes. Notably, row 17 shows that on a route level it concerns the orbital south and centre
south routes. This can be explained by the values in the rows 13 and 15 which suggest that the
respondents were far more optimistic about the southern alternatives compared to the northern
alternatives. As a result, when these routes are chosen, estimates are considerably lower in
general therefore also for the corresponding non-chosen route alternative. In turn this
influences the comparison of PTT+ and PTT- on a route level. See for example 13b versus
15a, and 13a versus 15a.
Aggregation on a route level supports the previous finding. Columns (j) to (m) shows that the
orbital south route was chosen most often (31% of the respondents) followed by the centre
south route (25%). Also PTT+ of these routes is on average shorter than that of the other
routes, and also shorter than the actual travel times. A closer look based on columns (n) to (q)
teaches that 58% of the respondents chose orbital routes and 60% of the respondents chose a
southern route. Same as earlier, the PTT+ of orbital and south routes are on average
considerably lower than the PTT+ of centre and north routes. Additionally, the difference
between ‘difference PTT+ and PTT-‘ of orbital routes (cell n18) and centre routes (cell o18)
versus orbital routes (cell p18) and centre routes (cell q18) shows that road hierarchy affects
perceptions more than route directness does.
In Figure 17, we take a slightly different perspective. For each OD pair and each respondent,
the difference between perceived and actual travel time is compared for the chosen and nonchosen routes. Each symbol in Figure 17 thus represents one respondent and one OD pair.
From Figure 17, we draw the following conclusions. The perceived travel time estimates vary
widely with respect to the actual travel time and users both overestimate and underestimate
travel times. Not surprisingly, there is a clear correlation between the rate of overestimation of
travel time of chosen and non-chosen routes. Most respondents overestimated the travel times
of both routes (82% in quadrant 1). Quadrant 2 contains 6% of the samples, quadrant 3
contains 10% and quadrant 4 contains 2%. The median of the x-values is 5.1 minutes and the
median of the y-values is 6.1 which again shows that the travel time of the chosen route tend
to be overestimated more than the travel time of the non-chosen route. In fact, the relation
between PTT- - ATT- and PTT+ - ATT+ can be well described as: PTT- - ATT- = PTT+ ATT+ + x minutes. In other words, when correcting for differences in actual travel time (or
when assuming the same actual travel time), the perceived travel time of the non-chosen route
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is on average x minutes larger than that of the chosen route. In this case and based on Figure
17 and Table 5, x equals 2.05 minutes.

2

1

3

4

Figure 17: Difference between PTT and ATT for the chosen and non-chosen route
6.4.2 Comparison of treatments
Next we compared data of the two treatments (see approach Section) to further explore
hierarchy and directness effects. The hypothesis is that the characteristics of a contrasting
route alternative in a choice situation as is the case of treatment 2, will show a stronger
preference (revealed by more choices and decrease in perceived travel time) for orbital and
south routes.
Most notable results are shown in Table 6. The rows 1 to 3 show that on average the
perceived travel times hardly changed but that travel times were overestimated more in
treatment 2 than in treatment 1. This can be explained by an increase in the difference
between PTT+ and PTT-. Notably, rows 6 and 7 show that the difference between PTT+ and
PTT- increased for orbital routes and decreased for centre routes. This confirms that the
preference of orbital routes increased in treatment 2 which is a sign of hierarchy. Similarly,
the same pattern can be observed for south routes versus north routes in rows 8 to 11. Another
observation is that for the north route the perceived travel times increased while those of the
south route remained more or less the same. In contrast, the perceived travel times of orbital
and centre routes both increased from treatment 1 to treatment 2.
On a route level (rows 12-19), the figures again suggest that especially the attractiveness of
the orbital north routes decreased (e.g. row 12) and the attractiveness of the orbital south
routes increased (e.g. row 17). Although most figures on a route level are not statistically
significant, their signs and size are in line with the rest of the Table. It holds that choices
cannot be explained by travel time alone. Unmistakably, the choice set provided to the
respondents affects the choice outcomes and perceptions. Orbital and south routes are
preferred.
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Table 6: Analysis hierarchy and directness based on treatments

(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
(11)
(12)
(13)
(14)
(15)
(16)
(17)
(18)
(19)

Perceived travel time (PTT +/-) ALL
Difference PTT – ATT; ALL
Difference PTT+ - PTT-; ALL
Difference PTT – ATT; Orbital
Difference PTT – ATT; Centre
Difference PTT+ - PTT-; Orbital (vs. Centre)
Difference PTT+ - PTT-; Centre (vs. Orbital)
Difference PTT – ATT; North
Difference PTT – ATT; South
Difference PTT+ - PTT-; North (vs. South)
Difference PTT+ - PTT-; South (vs. North)
Difference PTT – ATT; Orbital North
Difference PTT – ATT; Orbital South
Difference PTT – ATT; Centre North
Difference PTT – ATT; Centre South
Difference PTT+ - PTT-; Orbital North
Difference PTT+ - PTT-; Orbital South
Difference PTT+ - PTT-; Centre North
Difference PTT+ - PTT-; Centre South

Treatment 1
19.41
5.19
-1.19
5.12
5.81
-1.27
-1.10
5.53
5.38
-1.30
-1.12
5.36
4.88
5.70
5.91
-1.04
-1.41
-1.54
-0.78

Treatment 2
19.75
6.01
-1.45
5.47
6.27
-1.95
-0.77
6.43
5.33
-1.17
-1.75
6.49
4.47
6.37
6.18
-1.02
-2.70
-1.30
-0.05

p
0.391
0.039
0.428
0.546
0.448
0.097
0.541
0.127
0.927
0.779
0.165
0.176
0.622
0.428
0.764
0.978
0.019
0.758
0.349

6.4.3 Choice strategies
In Table 6, we compared two treatments in which travel time averages and differences therein
were considered, as well as fractions along the non-shortest travel time route. However, these
results don’t tell the whole story. First, although treatment 1 mainly considers directness and
treatment 2 mainly distinguishes hierarchy, directness and hierarchy are not completely
disentangled by the two treatments. For example, the centre north route is clearly more direct
than the orbital north route. Here, directness may thus play a role in addition to hierarchy.
Secondly, the resolution of the perceived travel times is about 5 minutes, i.e. respondents
typically round off to multiples of 5 minutes, which is quite large compared to the travel times
themselves. As a result, in slightly more than 50% of the cases, respondents perceive both
routes as equally long.
In Table 7, we therefore show the choice frequencies for each individual choice situation, and
separately for cases in which the first route [a] was perceived shorter (column 2), equally long
(column 3), or longer (column 4) than the second route [b]. In doing so, we reveal three
choice strategies: (1) respondents perceived one route as being shorter in time and choose that
route; (2) respondents perceived no difference in travel time and choose one of the routes, and
(3) respondents perceived one route as being shorter in time yet choose the non-shortest time
route.
As mentioned, most respondents (51%) perceived no difference in travel time. Given small
differences in actual average travel time (in the range of two minutes), this result may be
intuitively expected. However, as differences in actual travel time are still considerable (about
10%) this result does not well correspond with traditional utility models. The fact that the
majority apparently does not (want to) observe these small travel time differences is more in
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line with theories about perception error and indifference band. Travel time estimates are also
complicated by the fact that there is no clear correlation between actual travel time and
distance. On the contrary, the northern orbital route, for example, is the longest distance route,
but has the shortest average travel time. However, this situation is not considered as
exceptional, and probably is quite common in route choice situations of this kind.
Table 7: Perceptions versus choice strategies
Chosen route
Orbital North [a]
Orbital South [b]
Total
Center North [a]
Center South [b]
Total
Orbital North [a]
Center North [b]
Total
Orbital South [a]
Center South [b]
Total

PTTa < PTTb
24
14
38
26
14
40
13
9
22
31
10
41

PTTa = PTTb
46
62
108
58
60
118
30
19
49
29
17
46

PTTa > PTTb
11
57
68
3
44
47
9
22
31
6
10
16

PTT+ < PTT-

PTT+ > PTT-

76.4%

26.6%

STDEV 4.1%
80.5%

19.5%

STDEV 4.3%
66%

34%

STDEV 6.5%
71.9%

28.1%

STDEV 6.0%

That it is not straightforward to estimate travel time follows from the 49% of answers in
which respondents indicated one route to be faster than the other. When we only consider
these cases, 60% of the respondents (115 vs. 78) perceived the southern route (orbital south
vs. orbital north and centre south vs. centre north) as being faster, while in reality (i.e. based
on actual travel times) southern routes were longer on average. This result is statistically
significant (95% confidence level), and the difference is especially clear for the orbital. As
southern routes are more direct, this result suggests that other attributes can influence the
perception of travel time. At the same time, route choice strongly depends on perceived travel
time. This is shown in column 5, which shows that in the first treatment (i.e. north versus
south) almost 80% of the respondents chose the route they perceived as having the shortest
travel time (not considering the respondents who perceived both routes as being equally long).
From this, one might conclude that other attributes only influence route choice indirectly by
altering travel time perception. However, a detailed look reveals that southern routes are more
favourable than might be expected from perceived travel times alone. When perceived travel
times were equal a majority (122 vs. 104) chose the southern route, although this result is not
statistically significant. More significantly, however, compared to northern routes, southern
routes are relatively more chosen when the perceived travel time is longer (38 out of 78, i.e.
36% for southern routes vs. only 14 out of 115, i.e. 12% for northern routes). The latter is
statistically significant and suggests other attributes (in this case directness) are also
consciously considered when choosing routes.
For the second treatment regarding hierarchy, the results are more mixed. For the southern
routes, the orbital is perceived as being shorter by a clear and statistically significant majority
(72%, i.e. 41 out of 57). This points to the effect of hierarchy, as the orbital is in reality not
more direct or faster than the centre route. For the northern route, the centre route is mostly
perceived as being shorter. However, this result is not statistically significant. In this case, the
effect of hierarchy might be offset by the centre route appearing to be more direct, both in
distance as in directness.
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For the southern routes, the choice frequencies follow a similar pattern compared to the first
treatment. More than 70% of the respondents chose the route they perceived as fastest and the
preferred orbital route was more popular as might be expected from perceived travel time
alone. When perceived travel times were equal a majority (29 vs. 17) chose the orbital route.
Also, compared to the centre route, the orbital was chosen more often when the perceived
travel time was longer (6 out of 16, i.e. 38% for the orbital route vs. 10 out of 41, i.e. 24% for
the centre route). All these results are comparable with those from the first treatment,
although less strong and not statistically significant.
For the northern routes, the results are more ambiguous, probably because hierarchy and
directness are competing effects in this case. Among the respondents who perceived one route
as being shorter in travel time than the other, ‘only’ 66% of the respondents chose the route
with the perceived shortest travel time. In most of the cases, this was the centre route (as
mentioned before), and in addition the centre route was also chosen relatively more often
when the perceived travel time was longer (9 out of 22 for the centre route vs. 9 out of 31 for
the orbital). Although not statistically significant, these results are in line with the other
choice situations. However, in total the northern orbital was still chosen more often, because
most respondents for whom perceived travel times were equal preferred the orbital (29 for the
orbital vs. 17 for the centre route). As these results are all not statistically significant, we just
consider this ambiguity as being coincidental and conclude that for the northern routes
opposite factors (i.e. hierarchy and directness) competed with each other.
6.4.4 Familiarity effects
For each of the routes, respondents were asked to indicate their level of familiarity on a 4point scale (very familiar, moderate familiar, used 1-2 time, never used). Results showed that
the vast majority of respondents (i.e. 78%) were equally familiar with both route alternatives.
Most respondents were very familiar or moderately familiar with the route alternatives. As
shown in Figure 18 the perceived travel times of the least familiar respondents were shorter
than those of the most familiar respondents. This finding is statistically significant (95%
confidence interval) for orbital north, orbital south and the average. Differences between the
other familiarity levels are not systematic. In addition, differences between the PTT+ and
PTT- of different familiarity levels were not statistically significant either, which shows that
the results presented earlier are independent of the level of familiarity.
As a reference four actual travel times are indicated in Figure 18: Minimum TT = smallest
travel time recorded in AM peak, Average TT = average travel time in AM peak, Peak ATT =
travel time at the busiest moment of the AM peak, and Maximum ATT = highest travel time
recorded in AM peak. Considering that travel times were generally overestimated the
estimates of the least familiar respondents were among the most accurate. Similarly, the
estimates of the most familiar respondents approximate the Peak ATT and Maximum ATT.
These findings suggest that respondents initially are fairly positive about new routes, but that
actual usage of these routes makes them increasingly pessimistic over time, or perhaps
realistic. This might be explained by bad experiences that inevitably occur and make drivers
cautious not to rely on average travel times alone but also on the travel time reliability. Along
that same line of thought, the minimum ATT and maximum ATT show that the travel time
range of the orbital south route is larger than the range of other routes. Hence, relatively small
travel times were measured too. This can be explained by the fact that the south route contains
the most signalised intersection. Perhaps respondents anticipate this gamble, and predict they
will lose.
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Figure 18: Perceived travel time versus familiarity
To better understand the findings from Figure 18, choice and perceptions figures of the four
familiarity levels are shown in Table 8 (only the cases with equal familiarity of both routes,
i.e. 78%). As only the difference between ‘very familiar’ and ‘used never’ are statistically
significant it is most meaningful to examine just these two outer cases. Row 1 shows that
most respondents were very familiar or moderately familiar. There are no major differences
between the choices of perceived non-shortest time routes (row 2) and the choices of actual
non-shortest time routes (row 3). This implies that familiarity does not affect the (dis)ability
to select the optimal time route. The rows 4 to 9 suggest that the least familiar respondents
chose orbital and south routes more frequently than very familiar respondents did. This
suggests that an a priori preference for specific road types (i.e. hierarchy) and more direct
routes exists.
Table 8: Number of choices (%) per choice situation versus level of familiarity

(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)

Percentage (N = 624)
Choices perceived non-shortest time route
Choices of non-shortest time route
Choices Orbital North (vs. Orbital South)
Choices Centre North (vs. Centre South)
Choices Orbital North (vs. Centre North)
Choices Orbital South (vs. Centre South)
Choices South route (vs. North route)
Choices Orbital route (vs. Centre route)

Very
familiar
43%
12%
59%
43%
51%
49%
68%
53%
58%

Moderate
familiar
27%
14%
47%
41%
40%
77%
60%
59%
68%

Used 1-2
times
13%
10%
63%
35%
56%
33%
57%
55%
45%

Used
never
17%
12%
65%
29%
31%
50%
75%
70%
63%

* Percentages of rows 2 to 9 are out of 100% for each cell
As mentioned earlier, only 22% of the respondents indicated different levels of familiarity for
both route alternatives. Based on this sub-sample it appears that the respondents chose routes
which they were most familiar with, irrespective of the characteristics of the choice
alternative. However, in case of equal familiarity, orbital routes and south routes were chosen
more often. It seems that, apart from travel time, familiarity is the primary route choice
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determinant, followed by road hierarchy (i.e. orbital or centre), while directness (i.e. north or
south) comes third. This is in line with earlier findings.
6.4.5 Route preference
Finally respondents were asked to indicate the preference strength on a 4-point scale (high,
medium, low, none). On an aggregated level, results are contrasted with the level of
familiarity and presented in Table 9. Again, for reasons of statistical significance it is most
meaningful to examine the outer cases: very familiar versus used never and high preference
versus no preference. It can be seen that the most familiar respondents have the highest
preference for a particular route (column 2) while the least familiar respondents have the
lowest preference (column 8). Further, respondents with a high preference appear to
overestimate the travel time of the non-chosen route relative to the chosen route more than
respondents with no preference do (2.32 minutes vs. 0.12 minutes). Similarly, the least
familiar respondents seem to discriminate less between chosen and non-chosen routes than
very familiar respondents do (1.74 minutes vs. 1.01 minutes). Not surprisingly, very familiar
respondents and/or those who show a strong preference show a relatively high negative bias
towards non-chosen options.
Table 9: Preference versus familiarity and perception (aggregated)

High
Medium
Low
None
Total

Very
Familiar
Freq. dPTT
19.0% -2.92
10.5% -0.78
9.6% -1.17
4.1%
0.00
43%
-1.74

Moderate
familiar
Freq. dPTT
6.8% -0.86
8.1% -0.80
6.3% -1.49
5.7% -0.11
27% -0.84

Used 1-2
times
Freq. dPTT
3.1% -2.95
3.4% -0.10
4.1% -1.36
2.6%
0.31
13% -1.11

Used
never
Freq. dPTT
2.1% -0.77
3.6% -2.27
4.7% -1.03
6.5% -0.38
16.8% -1.01

Total
Freq.
31%
25%
25%
19%
100%

dPTT
-2.32
-0.91
-1.26
-0.12
-1.29

* dPTT denotes the difference between PTT+ and PTT-

6.5

Conclusions

The aim of this study was threefold: (1) reproduce the findings from the previous study; (2)
study the influence of road hierarchy and directness on route choice and the perception of
travel times, and (3) study the influence of familiarity and preference on route choice and the
perception of travel times. The overall findings confirm results from the previous study and
expand them. The following conclusions can be made: (1) the shortest time route was chosen
in 41% of the cases while the highest average speed route was chosen in 54% of the cases; (2)
respondents overestimated travel time in general by 5.5 minutes on average. However, they
overestimated the travel time of non-chosen routes more (6.2 minutes on average) than the
travel time of chosen routes (4.9 minutes on average). On a respondent-level the difference
between PTT+ and PTT- was 2.05 minutes on average which equals about 14% of the average
actual travel time; (3) 58% of the respondents chose orbital routes and 60% of the respondents
chose south routes. Consequently, the orbital south route was chosen most often even though
this route had the highest average travel time among the route alternatives; (4) differences in
road hierarchy and route directness between routes in a choice set affect the perceived travel
times and choice strategies. The results showed that in a specific order of importance: familiar
routes were preferred over routes that were never used before, orbital routes were preferred
over center routes, and south routes were preferred over north routes, and (5) perceived travel
times of the least familiar respondents were shorter than those of the most familiar
respondents, which suggests that with more experiences of a particular route drivers become
increasingly pessimistic or perhaps cautious.
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A limitation of this study and of analysis of perceived travel times in general is that the
perceived travel times are self-reported, and that there is no real incentive to try and improve
prediction quality. As pointed out by reviewers this raises issues of endogeneity. When
presenting the approach of this study, we mentioned that potential reporting biases in the
results impact both chosen and non-chosen alternatives similarly and therefore will cancel
each other out. However, this does not rule out the possibility for a type of confirmation bias
in the perceived travel times. As respondents were first asked about route choice and then
asked for perceived travel times, they may have tended to (consciously or unconsciously)
justify their choices in the PTT responses, by inflating PTT- and deflating PTT+.
Unfortunately, with the given sample and experimental design we consider it not possible to
measure this bias directly.
Findings on travel time perception and perception error have important implications for
operational traffic management and traffic models. Consider for example the case of route
choice and traffic information. When drivers have a negative perception of a particular route,
it may require considerable effort to persuade such drivers to use that (shortest travel time)
route. Presumably, the incentive (e.g. monetary or travel time reduction) to switch to a nonchosen route must at the least compensate for the perception error. Similarly, a travel time
effect of a traffic management measure may be negligible when considering errors in
perception, which gives road operators certain freedom for their operational management
(Vreeswijk et al., 2013a). These mechanisms are related to the indifference band mentioned
earlier for which the perception error is assumed to be a good indicator (Vreeswijk et al.,
2013c). Such principles may also contribute to the improvement of for example random utility
models and the definition of the random component in particular.
Future research will attempt to further detail insights in perception error with emphasis on
situational and individual differences, and to derive probabilistic findings in addition to
deterministic ones. Moreover, experienced based sampling will be adopted as a new data
collection method. This method uses a smartphone application to collect objective trip data,
and is able to gather subjective data by questioning the user timely and precisely about issues
relevant to the researcher.
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7.1

Abstract

Travel choice behaviour is an important determinant in traffic and is subject to human
imperfection and bounded rationality. In decision-making processes travellers seldom act in a
perfectly rational manner. Traffic models and traffic network management measures could
become more realistic and effective, if travellers’ (dis)abilities, reasoning and perception are
better understood and taken into consideration. The aims of this study were: (1) to determine
travellers’ ability to detect changing traffic intensities and traffic light setting on their trip, and
(2) to determine how travellers estimate the value of such changes. The survey results show
that travellers are more sensitive to changes in traffic light settings than to changes in traffic
intensities, but in general, unable to observe all changes in traffic conditions. Additionally, a
relative large group of travellers perceived the opposite of what they actually experience.

7.2

Introduction

Limited cognitive abilities cause imperfections in traveller’s choice behaviour which, to a
certain extent, are regarded as systematic and predictable (Avineri, 2010; Ariely, 2009). As a
result, travellers do not always behave in a rational way, leading to suboptimal decisions.
However, many models of travel choice behaviour used in traffic modelling are based on
standard economics, assume that people are rational decision makers and above all, are
perfectly informed about the available choice alternatives. In other words, they can calculate
the value of the different options available, are able to derive the optimal choice, and are
cognitively unhindered in weighting the implications of each potential choice (Bogers et al.,
2005; Avineri and Prashker, 2004; Chorus and Timmermans, 2009). In reality, people have
limited knowledge and constrained cognitive abilities, leading to prejudiced reasoning and
certain randomness in behaviour and choice outcomes (Avineri, 2010). In contrast with
standard economics, behavioural economics draw on the aspects of both (cognitive)
psychology and economics, and study the motives and behaviours that explain deviations
from rational behaviour (Pearson and Schaefer, 2005; Bie and Lo, 2010). It is not just the
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behaviour (i.e. choice outcome) that is of interest, but also the decision-making process
behind such behaviour. Irrational behaviour is about human imperfection and the gap between
human and rational behaviour. Recent studies provide evidence that such irrational behaviours
(e.g. from the perspective of time minimisation) are systematic, consistent, repetitive, and
therefore predictable (Ariely, 2009; Avineri, 2010).
Using this knowledge on human imperfection and bounded rationality provides opportunities
for the effective operation of traffic network management as stated by the concept of
‘regulation flexibility’ (Vreeswijk et al., 2011). This concept tries to take advantage of
traveller’s (in)ability to respond to some change in the attributes of their trip or the traffic
system, in contrast to many areas of research which aim to compensate for people’s failure to
detect changes as a result of change blindness (Martens, 2011; Pearson and Schaefer, 2005).
Regulation flexibility assumes that changes resulting from traffic management measures
which remain below a certain threshold do not affect the acceptance of travellers, nor lead to
significant behavioural response. The resulting margin allows road operators to adjust the
settings of traffic control systems, without travellers noticing them. This can cause
undesirable side effects of the control measure. If possible, such uncontrolled side effects
should be prevented at all times as day-to-day traffic equilibriums do not necessarily return to
the same state when a change is first introduced and later removed (Bie and Lo, 2010). A
concept like regulation flexibility relies heavily on the predictability of travel choice
behaviour based on empirical data. However, in order to develop better descriptive models of
travel choice behaviour and validate theories derived from behavioural economics more
empirical research is needed (Vreeswijk et al., 2010; Chorus and Timmermans, 2009; Avineri,
2010; Ariely, 2009).
In this paper, the decision-making process is regarded as a process consisting of three
successive stages: ‘observation’, ‘evaluation’ and ‘choice’. A conceptual framework is
discussed in (Vreeswijk et al., 2011), which illustrates how perceptual factors influence the
three stages and lead to regulation flexibility and traffic management measures. This paper
focuses on observation and evaluation. With regard to observation, earlier research showed
that the awareness among travellers of changes in the transport system is limited, sometimes
even leading to perceptions opposite to actual experiences (Chorus and Timmermans, 2009;
Tawfik et al., 2010b). Moreover, studies in cognitive sciences show that people are
surprisingly poor at detecting even large changes, sometimes leading to change blindness in a
large majority of cases (Martens, 2011). In a traffic management context, a change could
involve an improvement or decline of an existing alternative or the introduction of a new
alternative with concern, for example, for the waiting time at traffic lights, average speed or
travel time. When it comes to evaluation, the question related to whether travellers are able to
value a change properly once it has been detected? Previous research showed that travellers
have little feeling of absolute value as they focus on relative advantages in relation to a
reference point based on previous experiences. Travellers compare experiences locally to the
available alternative, and overweigh losses and short term impacts compared to gains and
long term impacts (Ariely, 2009; Avineri and Bovy, 2008; Tversky and Kahnemann, 1992).
The reference point may be vague and fuzzy, not based on actual experiences, and differ from
one traveller or situation to another (Avineri and Bovy, 2008). Additionally, related to choice,
changes may be outside the area of interest of a traveller as results still generates satisfying
behaviour, whereby people are happy with a good solution and not motivated to find the best
solution (Bogers et al., 2005; Chorus and Timmermans, 2009). This means that travellers tend
to minimise their cognitive efforts, and follow simple heuristics to reach decisions which are
both satisfactory and sufficient, especially under uncertainty and time constraints (Tawfik et
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al., 2010b; Srinivasan and Mahmassani, 1999). In addition, decisions and actions of travellers
do not always correspond with their (perceived) observations. In one study (Tawfik et al.,
2010b), only 12% of the drivers was able to correctly perceive their experienced travel times,
and conversely, 12% perceived the opposite of their experience.
The objectives of this study were: (1) determine travellers’ ability to detect changing traffic
intensity and traffic light settings on their trip, and (2) determine how travellers estimate the
value of such changes. An internet survey was conducted of which the methodology and
results are discussed in this paper. When setting up a survey in the context of decision-making
as outlined above, it is important to note that due to the analytical similarity of the perspective
of limited awareness and disinterest or indifference toward alternatives, it is not possible to
empirically distinguish between the two based on choice outcomes alone (Chorus and
Timmermans, 2009). For example, it is impossible to tell from the observation that a traveller
responds to a change or not, whether this results from the (in)ability to observe the change or
from indifference and disinterest to act upon it. As a result, no elements of route choice were
included in the survey. The survey questions were particularly targeted to collect knowledge
about respondents’ awareness and indifference levels.

7.3

Methodology

7.3.1 Video survey
In order to systematically assess the effects of small changes in trip attributes on the ability to
detect these changes, a video experiment was set-up. The video experiment allowed full
control over the traffic conditions and driving behaviour. Compared to other methods such as
a driving simulator experiment or real-world experiment, the costs are relatively low and the
number of respondents can be relatively high in a short time period. Even though simulated
videos may not be 100% realistic, this approach avoided any a priori expectations from the
respondents. This technique also has a major advantage over classical stated preference
surveys, because it would be difficult to describe the perception of a change to traffic intensity
and traffic light settings without any actual experience. The videos were recorded using the
traffic simulation model VISSIM.

Figure 19: Screenshot of a video recorded using the traffic simulation model VISSIM. In
each scenario, the respondents follow the lead vehicle in blue and pass through three
controlled intersections. Play time of all videos is 1 minute
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For all scenarios, the same network and environment were used. It concerned a straight twolane road with a length of 1 kilometre and three controlled intersections. The maximum speed
limit was set to 50 km/h and the distance between intersections was 300 metres. Regardless of
the scenario, all videos had an equal play time of 1 minute, which means that less distance
was covered in the scenarios with a larger travel time. There were two reasons for this
decision: (1) to prevent respondents using the video play time as an indicator for the traffic
performance, and (2) to ensure that respondents do not lose interest and get distracted if the
play time exceeds 1 minute. Finally, to provide some context and comfort to the respondents,
the absence of a dashboard and bonnet was compensated by placing a lead vehicle in front of
the vehicle of the respondent to provide a reasonable reference for position and speed.
7.3.2 Driving scenarios
In total 6 different scenarios were used in which traffic intensity and traffic light settings were
varied. Traffic intensities were varied between 300, 600, 900 and 1200 vehicles/hour, while
the traffic light settings could be either synchronised (i.e. green wave) or non-synchronised.
Synchronisation means that respondents experienced a green wave at the second and third
intersection, which was only applied in the busy scenarios with traffic intensities of 900 and
1200 vehicles/hour. The 6 scenarios were carefully balanced and ordered across four different
surveys to ensure that as many scenario combinations were covered. The respondents were
randomly assigned to the four surveys. The first video showed the same scenario in all
surveys and served as a baseline for further analysis. On average a survey took 15 minutes in
which a respondent watched 6 videos. Earlier research indicated that these amounts are
acceptable (Bogers et al., 2005; Van der Bijl et al., 2011). Consequently, it was not feasible to
include all possible scenario combinations (i.e. 36). Therefore, a selection has been made
intuitively, based on the similarity of scenarios. Figure 20 shows the distribution and order of
scenarios across surveys and videos.

Figure 20: Overview of distribution and arrangement of scenarios. Four different
surveys were prepared with 6 videos each. Video 1 was the same for all surveys.
Respondents had to compare scenarios as indicated by the arrows on the left side of the
Figure
7.3.3 Experiment procedure
Respondents were invited to take part in the survey by providing them with a link to the
webpage of the survey. They were informed that the aim of the survey was to determine
travellers’ perception of traffic situations, and that they would see 6 videos for which they
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needed to answer a number of questions. The respondents were instructed to imagine as if
they were driving the route from home to work on a daily basis. First, the respondents were
asked to provide some personal characteristics. Next, for the first video only a grade for the
traffic condition was requested, while for the other videos the respondents were presented
with the questions discussed earlier. It took about 15 minutes to complete the survey.
7.3.4 Questionnaire
Next to the videos, the survey included a number of questions related to each of scenarios.
The aim of the questions was to determine respondents’ perception while comparing one
scenario to another. In all surveys, the videos 1, 3 and 5 served as a reference for comparison
with other videos. The arrows in Figure 20 show which videos were compared with each
other. By means of three questions, respondents were asked to indicate whether the traffic
situation in video 2 had improved as compared to video 1 or not. The first question asked to
grade the traffic situation on a scale from 1 to 10. Secondly, the respondents were asked if
they thought the situation had improved, worsened or was the same compared to the reference
scenario. In the case where the respondents answered that the scenario had improved or
worsened, they were asked to indicate the magnitude of the change on a 5-point scale ranging
from ‘hardly noticeable’ to ‘clear difference’. After each question the respondent had the
possibility to provide additional comments if they desired to. About 20 percent of the
respondents left one or more remarks, mostly commenting that the purpose of the research
was unclear. This can easily be explained, because a retrospective approach was chosen,
which means that respondents do not know in advance what will be requested from them
(Pecheux, 2000). In perception studies it is important that respondent acts as closely to their
normal behaviour as possible, without pointing them to certain aspects.
7.3.5 Study limitations
Most importantly and despite all efforts, simulation based videos are very different from realworld driving. A one minute video cannot capture all elements of an average trip and
respondents did not have a clear view on the traffic on their lane like the queues in front.
Another disadvantage was the presence of a time indicator in most of the video players,
allowing respondents to keep track of time. Perhaps the fact that videos were cut to a 60
seconds length meant that the start and end positions varied making comparison harder,
provided some compensation.

7.4

Results

7.4.1 Respondents
The research involved a total of 70 completed surveys which were collected in January 2011.
Respondents were invited by e-mail and internet forums. Although internet forums may
guarantee a diverse response, two-third of all responses from these forums appeared to be not
useable. In most cases the survey was not completed or the answers were not realistic. The
majority of the respondents were male (92%), of age between 18-30 years old (61%), and in
possessing of a valid driving license (90%). Finally, there was an equal distribution over
profession types with frequent and less-frequent drivers well represented. Statistical analysis
did not reveal significant differences between different respondent categories.
7.4.2 Loss aversion
To study if respondents’ value of outcome is different when comparing losses compared to
gains, the stated magnitude of the improvement or decline has been mapped against the
corresponding grade change as shown in Figure 21. The value function shows a robust linear
relationship, which suggests that, on average, respondents were rational and hardly
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discriminated between positive and negative experiences. Polynomial functions did not
provide a better fit with the data. This was unexpected and not in line with prospect theory as
discussed before, which suggested large and irrational differences between gains and losses.
7.4.3 Reference point
To study the effect of previous experiences and the reference point, four cases were taken
from the data set which involves a base scenario, followed by a different scenario, and
returning to the base scenario again (see Table 10). It was assumed that, based on the grades
of the respondents for the subsequent tasks, reference point and anchor effects could be
studied. Effects were expected to be largest when the difference between the scenarios was
largest. Results are shown in Table 11.
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Figure 21: Absolute grade changes from the previous scenario to the current on a scale
of 1 to 10 versus respondents’ stated improvement (i.e. positive or gain) or decline (i.e.
negative or loss) of the traffic conditions on an interval scale (1=hardly noticeable,
5=clear difference)
Using an one-sided t-test for unequal variances, the difference between scenarios was tested
for significance (i.e. P < 0,05), for which the results are shown in Table 11. They show that
for none of four cases, scenarios 1 and 3 are significantly different. In other words, the
respondents valued the first and last scenario statistically equal. Figure 22 graphically
illustrates the small differences. For the cases which involved a change in only the traffic
intensity (i.e. cases 1 and 3), grades were not significantly different.
Table 10: Scenario sequence for reference point analysis

Case 1
Case 2
Case 3
Case 4

Scenario 1
300 veh/h
non-synchronised
300 veh/h
non-synchronised
600 veh/h
non-synchronised
600 veh/h
non-synchronised

Scenario 2
1200 veh/h
non-synchronised
1200 veh/h
synchronised
1200 veh/h
non-synchronised
1200 veh/h
synchronised

Scenario 3
300 veh/h
non-synchronised
300 veh/h
non-synchronised
600 veh/h
non-synchronised
600 veh/h
non-synchronised
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Table 11: Grades and t-tests for scenario sequences

Grade scenario 1
Grade scenario 2
Grade scenario 3
t-test 1 versus 2
t-test 2 versus 3
t-test 1 versus 3

Case 1
6,15
5,86
6,00
P = 0,21
P = 0,37
P = 0,35

Case 2
6,15
6,91
6,33
P = 0,01
P = 0,13
P = 0,34

Case 3
6,33
5,78
6,15
P = 0,13
P = 0,14
P = 0,24

Case 4
6,33
7,32
6,12
P < 0,01
P < 0,01
P = 0,22

However, for the same cases, the introduction of traffic light synchronisation (i.e. cases 2 and
3) provided a statistical difference. In case 4, with slightly higher traffic intensity in scenario 1
and 3, the effect is stronger compared to case 2. This suggests that the effect of traffic light
synchronisation is more noticeable to travellers when their reference traffic intensity is higher.
Overall, these results indicate that it was easier for respondents to notice and value differences
in traffic light control than in traffic intensities.
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6,50

600-1200*
1200*-600
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Figure 22: Grades for scenario sequence 600 to 1200 and back, 1200 to 600 vehicles per
hour, for 1200 vehicles per hour with (*) and without traffic light synchronisation
7.4.4 Perception vs. experiences
To analyse how perception is influenced by objective experiences, four scenario types were
shown to the respondents: (1) those involving a decrease in traffic intensity, (2) those
involving an increase in traffic intensity, (3) those involving an increase in traffic intensity
plus the introduction of traffic light synchronisation, and (4) those involving a decrease in
traffic intensity plus the removal of traffic light synchronisation. The first type is regarded as
an improvement and the second type as a decline, which means that for these types it can be
determined whether the perception of respondents was ‘correct’ or not. For the last two types
it is indecisive if it involves an improvement or decline, these were particularly included to
analyse the effect of changes in traffic light control as compared to traffic intensities. Results
are shown in Table 12 and Table 13.
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Table 12: Perception versus experiences traffic intensity changes

Improve
Decline
Identical
Total

Intensity ↓
33 (29%)
36 (32%)
44 (39%)
113

Intensity ↑
19 (23%)
39 (46%)
26 (31%)
84

Correct
Opposite
Indifferent

Sum
72 (37%)
55 (28%)
70 (36%)
197

* Bold cells are significant effects. Marked cells are perceptions that correspond with the
actual change and are therefore ‘correct’. The last column shows the sum of correct,
opposite and indifferent perceptions.
Table 13: Perception versus experience for traffic intensity changes and traffic light
synchronisation introduction

Improve
Decline
Identical
Total

Intensity ↑
Synch. +
68 (63%)
25 (23%)
15 (14%)
108

Intensity ↓
Synch. 3 (8%)
25 (69%)
8 (23%)
36

Sum
Correct
Opposite
Indifferent

93 (65%)
28 (19%)
23 (16%)
144

* Bold cells are significant effects. Marked cells are perceptions that correspond with the
actual change and are therefore ‘correct’. The last column shows the sum of correct,
opposite and indifferent perceptions.
Respondents were asked to indicate if they thought the traffic situation had improved,
worsened or was identical compared to the reference scenario presented in one of the two
previous videos. The data have been tested on significance using a binomial test. Scenario
types 1 and 2 only involve traffic intensity changes, whereas scenario types 3 and 4 also
included traffic light synchronisation. When comparing scenario type 1 with scenario type 2,
the data suggests that respondents were better able to detect increases in traffic intensities (i.e.
type 2 and involving loss), than a decrease in traffic intensities (i.e. type 1 and involving
gain): 46% versus 29% respectively. More specifically, no significant effects were found for
scenario type 1, while for type 2, significant effects were found for correct and opposite
observations. Note that the absence of an effect means that for those types of change, the
change is unlikely to be noticed. Most notable are the percentages of respondents with the
‘wrong’ perception (i.e. the non-grey cells). On average, no significant effects were found for
changes related to traffic intensity alone. The results did not differ for larger absolute
differences between scenarios, for example a difference of 300 veh/h compared to a
difference of 900 veh/h.
Results of scenario types 3 and 4 show that the involvement of traffic light synchronisation
makes a big difference. More effects were found for these scenarios, see Table 13. Significant
effects were found for almost all observations. For both scenario types, a clear majority of
respondents regarded the presence of traffic light synchronisation as an improvement: 63%
and 69% respectively. Further, the parallel changes in traffic intensity could not compensate
for the fact that traffic light synchronisation was introduced or removed. For example, 69% of
all respondents regarded the removal of the green wave as a decline, despite a decrease in
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traffic intensity. Moreover, constant changes in traffic intensity combined with traffic light
synchronisation, had a much are larger effect compared to changes in traffic intensities alone.
For example, 63% of the respondents perceived the introduction of the green wave as an
improvement even though the traffic intensity increased. In these scenario types, on average
only 35% of the respondents missed the direction of change, which is much lower compared
to scenario types 1 and 2. Nonetheless, no effect was found for opposite observations.
7.4.5 Confidence
Finally the respondents’ confidence level with regard to what they perceived was studied. For
this analysis the 5-point scale to indicate the magnitude of differences was used. It was
assumed that people would state a bigger difference if they were more confident, while a
smaller standard deviation across answers given by the population is assumed to indicate a
higher general confidence level for that particular scenario. Table 14 summarises the results,
in which 1 stands for ‘clear difference’ and 5 represents ‘hardly noticeable’. In general it was
found that respondents tended to avoid the outer answers of the scale, which means all
answers were very similar despite the differences between the scenarios. Therefore, no
significant effects were found.
Table 14: Stated magnitude of changes

Improve ave.
Improve stdev.
Decline ave.
Decline stdev.

Type 1
3.08
0.83
3.02
1.03

Type 2
3.41
0.87
2.97
0.93

Type 3
2.53
0.78
2.55
0.96

Type 4
3.00
n/a
2.61
0.61

Regarding the figures as indicative only, respondents seem to be more confident about
observing changes which negatively affect their situation as compared to scenarios which
improve their situation. Furthermore, both the averages and standard deviations confirm that
respondents were more confident about scenarios involving traffic light synchronisation.

7.5

Discussion and conclusions

Based on the survey results it can be concluded that travellers are not able to observe all
changes in traffic conditions. Moreover, road users are more sensitive to changes in traffic
light settings than to changes in traffic intensities. Apparently, travellers are attentive to traffic
light settings, and more attentive to these than to changes in traffic intensities. Despite the
relative easy setup of the survey, a number of valuable results have been obtained which
deserve to be explored in more depth. For example, the results provide insufficient evidence
to speak of systematic and predictable effects related to behavioural imperfections and
irrationality. Mostly this is due to the selected setup of the survey and the number of
respondents. The relative complex methodology which combines multiple scenarios, multiple
surveys and a variety of answering options requires a much larger response than was obtained
in this study. Consequently, the survey results provide an indication of the direction of the
effects, but only a part of the effects is significant. This was most apparent in the reference
point analysis for changes in traffic intensities. Nevertheless, it is important to note that in the
context of change detection and the absence of significant effects offers very valuable
knowledge. In such a case, it means that the event of change detection is random and
uniformly distributed across ‘correct detection’, ‘opposite detection’ and ‘no detection’. In
other words, the related change goes unnoticed by roughly one-third of the travellers, and
noticed but incorrectly valued by another one-third.
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With regard to the results on loss aversion it is relevant to note that before the process of data
analysis it appeared that the value function is nearly identical to the one reported in literature
on prospect theory (Avineri and Prashker, 2004), i.e. concave in gains and convex in losses, if
the outliers were not removed from the data set. This suggests that the data which is normally
removed from the data set could represent the irrational part of the respondents’ perception.
However, the available dataset was too small to determine whether these outliers were
systematic and to accept this hypothesis. In general, most of the results obtained in this study
are in line with the theories derived from prospect theory and other studies discussed earlier.
For example the results on perception versus experience comparisons confirm the existence of
opposite perceptions, while in general the majority of travellers do not notice changes
(correctly). Moreover, confidence levels underline that travellers are likely to detect decreases
in performance (i.e. losses) sooner than improvements in performance (i.e. gains).
To conclude, the findings from this survey show that there is sufficient ground for the concept
of regulation flexibility. More research is needed on this topic to understand the effect of
other changes in traffic and traffic conditions, and to take into account the relative difference
between changes of different attributes. For example, it is arguable that in absolute terms,
changes to traffic light synchronisation are much larger than small changes to traffic intensity.
In other words, the underlying question is whether same-size changes to different attributes
result in equal sensitivity and change detection effects. From this study it can be concluded
that the setting of traffic lights, in particular synchronisation, is a dominant variable, while the
variability of the traffic intensity has a relative low weight and can be higher than the steps of
300 vehicles used in this study. Of additional interest are for example speed and route choice
variables where the influence of learning effects and information provisioning could be
studied in parallel. For future research it is recommended to choose simpler experimental
design with fewer variables to increase the usefulness of the data. Furthermore, given the
drawbacks and limitations of data collection in simulated environments it is recommended to
use real-world videos or set up field experiments and study the correlation between subjective
data (e.g. survey) and objective data (e.g. actual measurements). Finally, knowledge on
change detection and regulation flexibility needs to be translated into policy and strategy
definitions which explicitly state which variables to vary/not vary in relation to certain base
conditions and traffic management measures.
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8.1

Abstract

Travellers’ response to changing traffic conditions, for example resulting from the effects of
traffic management measures, to a large extend depends on travellers’ awareness and
perception of these changes. Psychological and behavioural literature indicates that user
awareness is usually limited and that many changes go unnoticed, but empirical evidence in
transport research is scarce. The root question relates to the ability of travellers to correctly
estimate a state, their ability to notice a difference between one state and another, and their
ability to correctly estimate the size of this difference. This paper presents the result of an
online panel survey that was conducted on the occasion of a new network-oriented signal
control method, which reduced the network delay by 12% with even larger increases or
decreases in delays at signal groups of up to 40% as determined by microscopic traffic
simulation. The results show that the majority of the respondents had not noticed a difference,
while most of those who had noticed a difference had either no preference for the old or the
new situation or preferred the new situation. Further, respondents that had noticed a difference
could estimate the size and direction of the change fairly accurate mainly for changes larger
than 10 seconds, but they were unable to distinguish more than three levels of quality: better,
no difference, worse. Overall, the findings are in line with literature and confirm that user
awareness is limited and that control methods which favour societal objectives over individual
ones are not necessarily perceived negatively by travellers.

8.2

Introduction

In day-to-day traffic system dynamics, demand and supply iteratively interact because (1)
travellers respond to the effect that other travellers’ choices and current measures of road
authorities have on the performance of the traffic system, and (2) road authorities adjust their
measures in response to the effect that previous measures had on the performance of the
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traffic system and the behaviour of travellers (e.g. Ortuzar and Willumsen, 1994; Van Berkum
and Van der Mede, 1993; Vreeswijk et al., 2013d). A major challenge for road authorities is
to understand if and how (the behaviour of) demand alters when interventions to the traffic
system change (the performance of) supply, especially when those changes favour societal
objectives over those of individual travellers. For example, to improve the overall
performance of a traffic network, road operators or traffic engineers may decide to change the
traffic management scheme and change the timing of traffic lights in the network. For some
travellers this will mean that their situation improves as their route benefits from the change,
while for other travellers the change may be unfavourable as their waiting times at traffic
lights increase. The central question to address is: ‘how will travellers respond to such
changes’?
This paper deals with the (absence of) behavioural adaptation of travellers in response to
changing traffic conditions resulting from the effect of traffic management measures.
Behavioural response is only expected if travellers notice the change, if alternatives exist, and
if road users are aware of these alternatives. The objective of the study presented in this paper
was to evaluate user awareness of changes in the timing of traffic lights, with the hypothesis
that user awareness is limited and many such changes go unnoticed. For example, suppose
that for situation i a time ti was recorded, for i=1…n and ti ≠ ti+1, then let us define ti - ti+1 =
Δi. Perception of absolute time concerns the ability to correctly estimate ti, while perception of
relative time concerns the ability to notice whether ti ≠ ti+1 and to estimate Δi.
This paper presents the results of a survey in Enschede, the Netherlands, that aimed to
evaluate travellers’ awareness of changes in the timing of traffic lights as a result of the
implementation of a new signal control method. Respondents of the survey were recruited
through an online panel consisting of inhabitants of the city. The next Section provides further
background on the topic of awareness and the state-of-the-art regarding user perception at
signalised intersections is given. Thereafter, the approach is described in more detail followed
by presentation and discussion of the results.

8.3

Background

In choice modelling, ‘thresholds’ are used to recognise that drivers alter their behaviour or
choice when the utility difference in the transport systems or their trip, is larger than some
individual-specific threshold (Mahmassani and Chang, 1987). The term ‘threshold’ is generic
and acknowledges the existence of limits, boundaries or cut-offs of perception and
consideration of attributes by an individual. Based on Cantillo and Ortuzar (2006) three
different kinds of thresholds can be distinguished: (1) thresholds as inertia, habit or reluctance
to change, (2) thresholds defined as minimum perceptible changes, and (3) thresholds as
mechanisms of acceptance or rejection of alternatives. The second category is of most interest
to the scope of this paper. It involves that if Xkqt is the value of attribute Xk at instant t, and it
changes to Xt+1 at t + 1, the individual will only perceive the change if ΔXkq = |Xkq(t+1) – Xkqt| >
τxkq, where τxkq is the threshold value. Although effects on route choice were not analysed in
this study, it implies that attribute changes below the threshold do not cause a reaction by
individual travellers (as perceptually the utilities do not change).
In behavioural economics, theories on ‘just noticeable differences’ suggest that people may be
unable to perceive small differences in the price of products (Monroe, 1970), or are just not
interested in these differences as it does not pay off to notice them (Levy et al., 2004). This
phenomenon is complex since changes can accumulate and eventually exceed the threshold,
while in parallel there might be adjustments in individual behaviour, dependent on the speed
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of change, which in turn can modify the threshold. Closely related are studies that deal with
limited awareness which primarily focus on the discovery of (new) utility differences.
Generally, awareness may either result from direct experience (i.e. by having chosen the
alternative on one of the preceding days) or from indirectly noticing the change (e.g. from a
friend or through a travel information service) (Chorus and Timmermans, 2009). Detecting a
change is referred to as “the visual process involved in first noticing a change” and consists of
the stage detection, identification and localisation of the change (Rensink, 2002). Change
detection received much attention in the field of cognitive psychology which led to the
notions of change blindness and choice blindness. The former deals with the inability to spot
changes (Martens, 2011), whereas the latter concerns the failure to detect mismatches
between their intended choice and the actual outcome (Johansson et al., 2006). A common
explanation for both phenomena is that the changes were very small or that they were outside
the drivers’ (cognitive) periphery (e.g. drivers were distracted by other tasks with a high work
load), making them literally inattentional blind (Jensen et al., 2011). The instruction to search
for predefined changes has a large impact as it affects expectation and familiarity.
In transport research the topic of awareness receives little attention. Only a few theoretical
works (e.g. Chorus and Timmermans, 2009) are available which mainly focused on the
awareness of the availability of (new) route alternatives. To our knowledge there are no
studies on awareness in transport that provide quantitative figures based on empirical data. In
the context of signalised intersection, a topic that received slightly more attention is
perception of waiting time and perception error (i.e. the ability to correctly estimate ti). Still,
the availability literature is limited and is mainly focused on the perception of level of service
at signalised intersections. For example, using video recordings of real-world waiting
scenarios at intersections in surveys it was found that drivers’ waiting time estimates are, on
average, fairly accurate in terms of size and direction, but vary greatly between individual
drivers and are therefore often inaccurate (Pecheux et al., 2000a; Fang et al., 2003; Zhang,
2004; Lee et al., 2007; Zhang et al., 2007; Chen et al., 2009; Fang and Pecheux, 2009; Zhang
and Prevedouros, 2011). Moreover, it was found that subjects were able to distinguish one
scenario from another but only up to a limit as they were unable to perceive fine differences.
At best they perceived three to four levels of services (in most cases just two) rather than the
six existing ones in the Highway Capacity Manual. The latter is more a sign of limited
awareness than of perception error which shows that the two subjects are closely related.
Aforementioned studies put forward an extensive list of factors that affect drivers’ perception
of waiting time at signalised intersections, including: actual waiting time, number of stops,
traffic mix – presence of heavy goods vehicles, unused green time for conflicting traffic,
visibility of traffic lights, protected lanes for turning vehicles, presence of information
systems, interference from vulnerable road users, signal coordination and fairness. More
recently, two studies found that trip features (such as trip purpose and average red light time),
socio-economic characteristics (such as gender, educational level, income, and age), and
variables affecting driving perception, such as traffic flow, pavement condition, road design,
traffic control, distribution of vehicle types, and weather, all influence drivers’ perception of
the level of service at signalised intersections (Jou and Chen, 2013; Jou et al., 2013). In terms
of level of tolerance, waiting at traffic lights was found to become intolerable when the
waiting time exceeds 60-65 seconds (Pecheux, 2000; Pecheux et al., 2000a; Van der Bijl et
al., 2011). Additionally, it was found that perceptually, drivers make a trade-off between total
waiting time at a corridor and individual waiting time at each intersection. Findings revealed
that drivers prefer to split the total waiting time across multiple intersections at the price of a
longer total wait if the difference in the total waiting time of two signal designs is within 30
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seconds (Wu et al., 2009). Similarly, it was found that drivers prefer to perceive progress or
motion, even at higher cost. To them, reducing one minute of stopped delay is more valuable
than reducing one minute of driving time (Zhang et al., 2009).
This Section showed that past research efforts mainly focused on the perception of level of
service and factors affecting perception, mainly using video-based surveys. It appears that no
research looked at awareness specifically, especially in a case of real-world changes.

8.4

Approach

The aim of this study was to evaluate if and to what extend road users were aware of the
differences between the two control methods and how they valued this change. Studying user
awareness is challenging for example because usually it is not possible to change on-street
conditions, while controlled environments, such as video-based surveys, suffer from issues
with validity (for a more elaborate review of methods see Vreeswijk et al., 2012a). Moreover,
with surveys it is difficult to obtain a sufficiently large and representative sample size. For
example, due to time constraints and issues of low response and sample selection, methods
like interviews before and after the change, on-street interviews, door-to-door recruitment or
recruitment by e-mail or phone were considered not viable. Fortunately, in this case on-street
conditions were about to change substantially on a relatively large scale, and it was possible
to use the ‘EnschedePanel’ which is a large online panel that is maintained by a research
institute for policy and market analysis. Only inhabitants of Enschede can become a member
of the panel who periodically receive invitations to partake in surveys. Today, about 7000
people have subscribed to the panel.

Figure 23: Study area
Data was collected in the city of Enschede in the Netherlands which has about 130.000
inhabitants. In the autumn of 2013 the signal control program of 7 intersections in the north of
Enschede was replaced as is shown in Figure 23. In the old situation the intersections were
controlled as isolated vehicle actuated signals, whereas in the new situation a networkoriented adaptive control algorithm (van Vliet and Turksma, 2012) was implemented.
Typically, vehicle actuated control is aligned with the interests of individual user, i.e.
minimizing local delay, whereas network-oriented adaptive control usually is more favourable
for system performance, i.e. minimizing total delay. Due to the differing control philosophies
there are considerable differences between both situations. For example, the total delay in the
network was reduced by approximately 12% with even larger effects at the level of signal
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groups of up to 40% both positively and negatively. These results were derived from a
detailed and validated traffic simulation study which offered performance indicators for each
signal group of all intersections and allowed comparison of both situations in detail.
A survey was designed in close collaboration with the research institute that operates the
EnschedePanel, especially to draw on their experience to ensure that the language and
phrasing of questions was unambiguous and would be understood by the respondents. Further,
traffic engineers of the Enschede municipality and the supplier of the signal control system
were consulted when designing the survey. The survey was distributed in November 2013,
one month after the implementation of the new signal control method, and was sent to 5997
people. Inhabitants of the most southern and eastern parts of Enschede were excluded.
After a brief introduction the respondents got to see the map as in Figure 23. By selecting one
of the intersections a picture of the intersection appeared. In addition, a list with street names
for each of the intersections was provided. First, by using the letters, respondents had to
indicate the route which they travel most as well as their mode of transport (car, bike or foot)
for this route. It was possible for one respondent to complete the survey multiple times for
different routes and/or modes of transport. Note that based on the route it was possible to
derive which intersections the respondents passed and which signal group at each intersection
was relevant to them. Based on this information the subjective survey data could be matched
with objective data from the traffic simulation in a very detailed way. Besides route and
mode, respondents were asked to indicate how often per week they use this route and at what
time of the day (morning peak, evening peak, Saturday afternoon peak or off-peak). The
remaining questions of the survey will be discussed with the results in the next Section.

8.5

Results

After a period of three weeks, 1261 people had completed the entire survey. 141 persons
completed the survey two or three times, each time for a different route, which led to a total of
1413 completed surveys. Valid surveys were selected on the basis of several criteria. First, it
was assumed that people who incidentally traverse (less than 2 times per week) the network
cannot give a credible judgment regarding the state change and therefore were excluded.
Secondly, surveys with a route with the same start and end letter were discarded, as were the
surveys for the mode ‘foot’ and the time of day ‘Saturday afternoon peak’ because of a too
low sample size. This left 669 surveys as shown in Figure 23. Distribution of respondents
over routes and as such signal groups was uniform.
Table 15: Overview response
Morning peak
Evening peak
Off-peak
Total

Car
94
67
232
393

Bike
87
36
153
276

Total
181
103
385
669

8.5.1 User satisfaction
The first question was to grade the performance of the current signal control on a scale from 1
to 10 for each of the intersections that the respondents pass along their route. Average grades
are shown in Table 16 and show a large variation. Note that grades are highly subjective and
that respondents easily overstate their opinion especially when giving low grades (Fang and
Pecheux, 2009; Vreeswijk et al., 2012a). For that reason, percentiles are presented next to
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averages. Overall, results show that the current performance was considered up to the mark
although respondents were less positive about the intersections 4 and 6. For intersection 4 this
can be explained by its central location where large traffic volumes merge which results in
relatively larger delays. Intersection 6 is a special case that involves a bus lane which crosses
the main road and apparently is perceived more negatively than other intersections. Moreover,
this intersection is adjacent to intersection 4 and may also be affected by propagating queues.
There were hardly any differences between grades from car drivers and grades from bikers.
Generally, grades were highest for the off-peak period and lowest for the evening peak period,
although not consistently for all intersections.
Table 16: Grades performance current signal control
Intersection
1
2
3
4
5
6
7

Grade
6.5
6.8
6.6
5.7
6.8
5.9
6.4

SD
1.9
1.7
1.7
1.9
1.6
2.2
1.7

25th
6
6
6
5
6
5
6

Median
7
7
7
6
7
7
7

75th
7
8
8
7
8
7
7

8.5.2 Overall awareness
The next question was: “did you notice a difference between the current traffic situation and
the situation of half a year ago?”. Results are shown in Table 17 and show that the majority of
the respondents had not noticed a difference.
Table 17: Awareness of difference current and past situation

Overall
Intersection 1
Intersection 2
Intersection 3
Intersection 4
Intersection 5
Intersection 6
Intersection 7
Average inter.

yes, the difference yes, the difference yes, difference was no, did not notice
was very obvious
was obvious
hardly noticeable
a difference
49 [5%]
101 [15%]
106 [16%]
413 [62%]
4 [7%]
18 [23%]
28 [36%]
27 [35%]
8 [9%]
30 [27%]
36 [32%]
39 [35%]
11 [20%]
31 [26%]
44 [37%]
34 [28%]
33 [7%]
45 [28%]
48 [30%]
35 [22%]
4 [10%]
9 [15%]
16 [27%]
30 [51%]
7 [16%]
17 [25%]
15 [22%]
29 [43%]
17 [12%]
40 [38%]
25 [24%]
23 [22%]
12%
27%
30%
31%

* Each respondent answered for a different number or intersections; therefore the sum of the
responds for all intersections does not equal the values for the row ‘overall’. % are by row.
To reiterate, for example, the total delay in the network was reduced by approximately 12%
with even larger effects at the level of signal groups of up to 40% both positively and
negatively. Based on the objective data it was verified that the actual differences were not
statistically significantly different (using one-way ANOVA) for any of the four groups. Only
for the cases with actual decreases in waiting time, respondents who thought that the
difference was very obvious actually had experienced a statistically significantly larger
reduction in waiting time than the respondents which had not noticed a difference. This
finding is remarkable because a common and dominant understanding is that travellers are
more conscious about increases (i.e. losses) in waiting time (e.g. Kahnemann and Tversky,
1979). Moreover, in another study by the authors it was found that standard deviations of
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perceived waiting time increase considerably for negatively perceived situations, which as a
result is likely to affect awareness judgments too (Vreeswijk et al., 2015).
For all the respondents who had not perceived a difference the survey ended because it made
no sense to ask these respondents more detailed questions. This reduced the sample size to
256. Next, the previous question was repeated but this time for all intersections along the
route indicated by the respondent. The results show that in 31% of the cases no difference was
noticed for an individual intersection. As can be derived from the percentages, differences
were mainly observed for the intersections 3, 4 and 7, and least for the intersections 5 and 6.
Lastly on overall awareness, the remaining respondents were asked to indicate when they
thought the new signal control method was implemented. 11 (4%) people thought June, 10
(4%) thought July, 31 (12%) thought August, 57 (22%) thought September, 39 (15%) thought
October, 12 (5%) thought November and 96 (38%) did not know. Since the new signal control
method was activated mid-October it can be concluded that, directly or indirectly, the
majority of the respondents did not know when exactly the situation had changed. The large
share of September might be explained by the increase of traffic volumes at the end of the
summer holiday period.
8.5.3 Awareness quantitative indicators
The following question dealt with the extent to which respondents had noticed change to
several quantitative performance indicators, at a route level. Answers were on a 5-point scale
and results are shown in Table 18 which shows a lot of variation in the data. Statistical tools
to evaluate such data are: modus (value that appears most often), median (the middle value),
average and standard deviation (sign of unanimity). The results are not distinct and suggest
that on average, respondents did not observe a difference. In some cases, the modus indicates
that minor improvements were perceived most, while the averages suggest that the
respondents mostly thought the situation had worsened. Another way of looking at the data
shows that for the number of stops, traffic and total travel time, more respondents thought the
situation had worsened compared to the number of respondents who thought the situation had
improved.

2. Little improved

3.,No difference

4. Little worse

5. Much worse

Don’t know

Average [scale 1-5]

STDEV [scale 1-5]

Waiting time at signals
Total travel time
Queue length
Traffic (volume/density)
Number of stops
Flow of traffic

1. Much improved

Table 18: Awareness quantitative indicators route level
(modus in bold, median in grey)

4%
4%
4%
4%
3%
5%

34%
20%
27%
9%
15%
30%

22%
42%
30%
53%
49%
27%

25%
23%
24%
19%
21%
26%

12%
5%
8%
7%
7%
8%

4%
6%
8%
8%
5%
4%

3.07
3.06
3.07
3.17
3.16
3.00

1.13
0.90
1.02
0.85
0.88
1.06
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For respondents which had observed some difference at the route level, the question was
repeated for waiting time and queue length, but this time for each of the intersections along
the route indicated by the respondent. For this question, only two indicators were selected to
limit the length of the survey, so only for these indicators was objective data available at a
very detailed level. Unfortunately, the sample size proved too small to derive meaningful
results at the level of signal groups.
For waiting time, the results at the intersection level are more distinct than those as the route
level as is shown in Table 19. Respondents perceived that waiting times at intersections 1, 2
and 7 improved a little as indicated by the modus, median and average. It appears that for
intersections 3, 5 and 6 no clear difference was perceived, while results for intersection 4 are
not decisive which is in line with earlier findings. Table 19 also shows the actual average
differences in waiting time in seconds, based on the objective data.. These reveal that
respondents were reasonably well able to estimate the size and direction of the differences.
Only for relatively small differences (e.g. smaller than 8-10 seconds) there are several
exceptions, up to the point where differences are negligible. Thereafter, estimates become
more accurate again (e.g. intersections 5 and 6). Again, for intersection 4 no clear pattern can
be derived, possibly because of other influencing factors as mentioned before. It is important
to remember that for this analysis a sub-set of respondents (26%) was selected which had
noticed some difference in the first place. The other 74% of the respondents which had
experienced the same actual differences stated that they had not observed these differences.
Notably, the results suggest that the quality perception of respondents is less detailed than the
5 levels provided, but three levels instead, being: improved, no difference or worsened. This
is in line with literature.
Table 19: Awareness of difference in waiting time at intersection level (count in
brackets) and actual difference in waiting time (modus. Modus in bold, median in grey)

1

Intersection

2
3
4
5
6
7

1. Much
improved
[5]
-13.5 sec.
[2]
-9.0 sec.
[5]
1.3 sec.
[7]
-17.0 sec.
[1]
1.0 sec.
[0]
[5]
-5.0 sec.

2. Little
improved
[14]
-6.2 sec.
[28]
-0.5 sec.
[14]
-4.2 sec.
[27]
-7.1 sec.
[9]
0.8 sec.
[0]
[26]
-3.8 sec.

3. No
difference
[11]
-1.7 sec.
[21]
-2.3 sec.
[36]
-4.6 sec.
[22]
-7.8 sec.
[23]
0.7 sec.
[21]
0.3 sec.
[15]
-4.7 sec.

4. Little
worse
[7]
-1.8 sec.
[7]
15.4 sec.
[13]
-2.7 sec.
[23]
-3.0 sec.
[5]
0.7 sec.
[4]
-0.2 sec.
[7]
17.1 sec.

5. Much
Don’t
Average
STDEV
worse
know [scale 1-5] [scale 1-5]
[1]
[1]
2.61
1.03
-1.5 sec. -6.5 sec.
[0]
[4]
2.57
0.75
7.3 sec.
[6]
[3]
3.01
0.97
-1.9 sec. -5.0 sec.
[19]
[1]
3.20
1.24
-11.7 sec. 21.0 sec.
[0]
[0]
2.84
0.68
[7]
[0]
3.29
1.01
-0.1 sec.
[6]
[0]
2.71
1.11
9.3 sec.
-

Analysis of awareness of changes in queue length showed that for all intersections the
respondents thought that the queue lengths had not changed or had slightly decreased. This is
remarkable as in reality queue lengths had reduced by roughly 25% on average with
exceptions up to 70%. Evaluation of objective and subjective data for queue length, as was
done for waiting time in Table 19, did not reveal any relation between the actual differences
in queue length and the awareness and perception of the respondents. This suggests that
awareness and perception of queue length were inaccurate. Based on the available data there
is no clear explanation for this finding.
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8.5.4 Awareness qualitative indicators
The quality of traffic systems is often evaluated on the basis of qualitative indicators rather
than quantitative ones, especially by road users. Therefore respondents were asked to what
extent they agreed with several propositions regarding the performance of the current signal
control method as shown in Table 20. Again, answers were on a 5-point scale and first
answered for the route level and if a difference was observed also for the intersection level.
Similarly to the quantitative indicators there was a lot of variation in the data as indicated by
the standard deviations. However, for all indicators the modus and the median suggest that on
average, no differences were perceived. On the contrary, the averages indicate that the
respondents thought that the situation had worsened. Taking a different perspective, for ‘more
acceptable’, ‘more logical’ and ‘more effective’ there were more respondents who thought
that the situation had improved than there were respondents who thought the situation had
worsened.

2. Agree

3. Neutral

4. Disagree

5. Much disagree

No opinion

Average [scale 1-5]

STDEV [scale 1-5]

‘The current signal
control method is…’
…more acceptable
…more logical
…more predictable
…fairer
…more comfortable
…safer
…more effective

1. Mcuh agree

Table 20: Awareness qualitative indicators route level
(modus in bold, median in grey)

4%
4%
3%
2%
3%
2%
4%

31%
27%
20%
16%
19%
11%
25%

36%
39%
42%
47%
41%
50%
37%

16%
14%
21%
15%
22%
14%
17%

8%
10%
8%
10%
11%
12%
10%

4%
7%
5%
9%
4%
12%
7%

2.94
3.00
3.11
3.16
3.19
3.25
3.02

1.00
1.00
0.95
0.92
0.98
0.92
1.03

The results at the intersection level are more distinct and in line with earlier findings. Apart
from the intersections 4 and 6 the respondents clearly ‘agree’ that the current signal control
method is more acceptable than the previous one. Results are similar with regards to the
extent the signal control method is more predictable and more logical, with the exception that
for logical the respondents also felt positive about intersection 4. This indicates that the
respondents may not be perfectly happy with the traffic situation at a particular location, but
may understand the constraints.
In general the findings for qualitative indicators are somewhat surprising given that the new
signal control method is more flexible (and as such less predictable) than the previous method
and gives more priority to traffic demand on routes than local traffic demand. Therefore the
new situation could be considered and perceived as being less acceptable and less logical
locally, which apparently is not the case. Perhaps the increased flexibility of the control
method causes a kind of compensation-effect as in realisation it may lead to more green
phases to compensate for the decrease of green time per green phase.
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8.5.5 Preference
Finally the respondents were asked to indicate which of the two signal control methods they
preferred; the old or the new one. One-third of the respondents indicated to have no
preference, 27% preferred the old situation and 40% preferred the new situation. In other
words, roughly 60% of the people with a preference preferred the new situation. For
completeness it is relevant to also consider the 413 respondents who in the beginning of the
survey indicated that they had not noticed a difference. It is logical to assume that these
respondents don’t have a preference for one of the two situations. This implies that overall
74% of the respondents did not have a preference for one of the two situations, mainly
because they had not observed a (distinct) difference. Interestingly due to the newly
introduced control philosophy, the total delay in the network was reduced by approximately
12%, which is equal to a reduction of societal cost of approximately € 186.500,- annually
based on value of time as in (Netherlands Institute for Transport Policy Analysis (KIM),
2013).
8.5.6 Respondent remarks
Lastly, the respondents were asked what they would change about the signal control method if
they were in the position to make this decision. The most remarks were as expected: more
green time, more frequent green, special or longer lanes for turning movements, more priority
for bicycles and more priority for orbital and radial roads. As the previously discussed results
also revealed, on average the majority of respondents is satisfied while a certain group is more
than satisfied and a certain group is dissatisfied. To give an impression some of the remarks
are translated from Dutch and copied below:
- The flow of traffic improved. No green light is activated on streets when there is no
traffic, which means that traffic on other streets can keep going.
- Changes are logical. At intersection 3 the order of the signal groups makes more sense
and benefits the traffic flow. It is a good design choice even though it may imply
longer waiting for some road users.
- Now intersection 4 is controlled differently than other intersection in the city of
Enschede. For example, a dedicated signal for left turns. As this is not consistent it
makes the intersection less safe compared to the old situation.
- It is hard to say what I would change. I travel the same route by bike and car. In both
cases I think that my waiting time is too long. Waiting for busses with green priority
can be annoying, especially when roads are already congested, for example at
intersections 4 and 6.

8.6

Discussion and conclusions

The objective of the study presented in this paper was to evaluate user awareness of changes
in the timing of traffic lights, with the hypothesis that user awareness is limited and many of
such changes go unnoticed. The occasion of the study was the implementation of a new signal
control method in the Enschede, the Netherlands. As a result of this new signal control
method, the total delay in the network was reduced by approximately 12% with even larger
effects at the level of signal groups of up to 40% both positively and negatively. The focus of
this study was on road users’ ability to notice a difference between the old and the new
situation, and their ability to correctly estimate the size of this difference.
A panel consisting of inhabitants of Enschede was invited to partake in an online survey while
results of a validated microscopic traffic simulation study offered objective data. Grades from
the respondents show that the performance of the current (new) signal control method on
average is considered satisfactory. However, a majority of 62% of the respondents indicated
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that they had not noticed a difference in the signal control method. Moreover, of the
respondents that had noticed the difference, the vast majority was unable to correctly estimate
when exactly the situation had changed. At the intersection level, respondents had mostly
observed differences for the intersections 3, 4 and 7, and least for the intersections 5 and 6.
These perceptions fairly well correspond to reality.
Concerning the awareness of differences in waiting time, the results showed that respondents
were reasonably well able to estimate the size and direction of the differences, but could not
distinguish more than three levels of quality, these being: ‘the situation improved’, there is no
difference’ or ‘the situation worsened’. This is in line with literature. Further, the results
suggest that negligibly small and relatively large differences are perceived accurately while
relatively small differences (e.g. in the range of 1-10 seconds) are not. Presumably, this
finding indicates the range in which awareness is limited with an upper limit that indicates the
threshold for minimum perceptible changes. Differences in queue length were in general not
perceived by the respondents.
Evaluation of awareness through qualitative indicators revealed that respondents are more
satisfied with the new signal control method compared to the previous one. An interesting
finding is that the response of respondents was more positive and distinct at intersection level
than at the route level. This suggests that an aggregate view of awareness and perception does
not reveal the whole truth. Also worth mentioning is that although respondents thought less
positively about intersection 4 they also indicated that the conditions are ‘logical’. This
indicates that there exists a difference between what is considered pleasant and what is
considered acceptable given the circumstances.
The finding that respondents stated that the current signal control method is more predictable
and more logical is remarkable because the new signal control method is in fact more flexible
and therefore perhaps less predictable and less logical locally. As a consequence the new
method could be considered less acceptable too, which is in contrast to the results from the
data analysis. Moreover, 60% of the respondents that favoured one method over the other
preferred the new signal control method. However, when also considering the respondents
that had not noticed a difference in the first place, a vast majority of 74% of the respondents
did not have a preference for one of the two signal control methods.
For this reasons, the expectation that the new network-oriented adaptive control algorithm
would be evaluated negatively compared to old isolated vehicle actuated signals, mainly
because this method is designed to be more favourable for societal objectives than individual
ones, was unjust and cannot be supported based on the result of this study. Similarly, based on
the results of this study the hypothesis that user awareness of changes in the timing of traffic
lights is limited and many changes go unnoticed can be accepted. In conclusion, if there are n
experiences of waiting time ti with i=1….n and ti < ti+1 then ti - ti+1 = -Δi, it was shown that
only a quarter of the respondents was able to notice that ti < ti+1 and that this group of
respondents could correctly estimate the size and direction of Δi but could not distinguish fine
differences.
Advantageously, this finding suggests that road authorities and traffic engineers can reduce
the total delay in a network and at the same time minimally retain the level of citizen
satisfaction. In the case of the city of Enschede the network delay was reduced by
approximately 12% with an annual value of approximately € 186.500,-. In general, the
implications of limited awareness and perception errors for transport policy and operational
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traffic management aiming to increase the overall system performance, is an valuable avenue
for further research.
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Measuring user awareness at signalised
intersections
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9.1

Abstract

Drivers have limited awareness of changes in trip attributes or the performance of the traffic
system. Due to non-utilitarian behaviour and perceptual biases a distinctive amount of
changes go unnoticed or are valued incorrectly, which to a certain extent makes drivers
indifferent to changing traffic conditions. Quantifying user awareness and understanding the
probability of behavioural response to changes is valuable input for road operators and traffic
engineers designing traffic management measures. This paper presents the results of a field
study on user awareness at signalised intersections. The study focused on the ability of drivers
to observe and correctly value differences in the timing of traffic lights. Measurements of
actual waiting times were compared with perceived waiting times derived from interviews.
Results show that drivers’ perception of waiting time was on average fairly accurate, but
widely variable, and that waiting times were systematically underestimated. Remarkably, the
classification of deviations from the average waiting time showed that the vast majority of the
respondents considered their waiting time ‘normal’ or shorter than they were used to.
Although in terms of representativeness field studies are believed to be of great importance to
perception studies, the selected approach for this study did not provide the expected data.
Therefore it was not possible to provide definite answers related to user awareness at
signalised intersections. Advantages, disadvantages and lessons learned are discussed in the
paper and have been incorporated in a follow up study as much as possible.

9.2

Introduction

9.2.1 Motivation
Travel choice behaviour of individual travellers is a crucial factor in traffic management as it
affects traffic demand, network performance and the effectiveness of control measures
(Vreeswijk et al., 2010). The complexity of the behaviour of travellers lies in its
predictability, in particular where the response of travellers to varying conditions is
concerned. For example, to improve the overall performance of a traffic network, road
operators or traffic engineers may decide to change the traffic management scheme and
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change the timing of traffic lights in the network. For some travellers this will mean that their
situation improves as their route benefits from the change, while for other travellers the
change may be unfavourable as their waiting times at traffic lights increase. This paper deals
with the (absence of) behavioural adaptation of travellers in response to changing traffic
conditions due to a changed traffic management scheme. The objective of this study was to
evaluate user awareness of deviations in the timing of traffic lights, assuming that user
awareness is limited and many of these deviations go unnoticed. This paper presents empirical
findings to complement the theoretical and methodological framework that was presented one
year ago (Vreeswijk et al., 2012a). User awareness is an essential aspect in choice modelling
as only alert users will start reconsidering their choices and perhaps adapt their behaviour.
There is great potential for consideration of user awareness in Dynamic Traffic Management
(DTM), especially if they are treated as input variables during in the design of control
systems. Earlier work demonstrated how such an approach can successfully steer network
performance towards a desired state (Vreeswijk et al., 2013a).
9.2.2 Time psychology
Whereas space is quite tangible, time is the opposite. With our senses we can observe colours,
smells, sound, taste and temperature, but we lack a special sense that is able to observe time
(Van Hagen, 2011; Pecheux et al., 2000b). This implies that we can only indirectly deduce
time from events that we perceive with our senses. Perception on the other hand, involves the
extraction of meaning from an array (visual) or sequence (auditory) of information processed
by the senses (Wickens et al., 2004). In other words, to extract time from shape (Michon,
1993). Meaning may sometimes be extracted without specific attention to the feature, but still
enough information may be adequately perceived to fulfil the task. In the context of the
perception of time, duration (i.e. objective time) is estimated by our consciousness (i.e.
subjective time) involving the transformation of events to judgmental time, which can be
influenced by many factors (Pecheux et al., 2000b; Michon, 1993; Van Hagen, 2011).
In general, people tend to experience time passing more quickly when they are busy, when
they experience variety, when events are pleasant and carry little sense of urgency, and during
activities that engage right-hemisphere modes of thinking (Pecheux et al., 2000b; Van Hagen,
2011). In other words: unoccupied time feels longer than occupied time (Maister, 1985).
Physical or emotional stress, in particular in case of uncertainty cause emotional reactions
such as annoyance, irritation, frustration and anger and make any wait feel longer (Van
Hagen, 2011). Feeling of control over time makes uncertain waits feel longer than known
finite waits, and unexplained waits longer than explained waits (Maister, 1985). With
prospective time estimation, attention is explicitly directed to information related to the
passage of time, which is expected to have a positive relation with time estimates, for example
by counting (Van Hagen, 2011). Retrospective time estimates occur without keeping an eye
on time and are based on memory-related processes (Pecheux et al., 2000b). However, when
there is a discrepancy between expected and experienced duration, people are inclined to
(over)exaggerate the length of time (Van Hagen, 2011). Expectation is known to grow over
time as the result of repeated observations which through learning offer knowledge about the
actual day-to-day variability in quality (Chorus and Timmermans, 2009; Pecheux et al.,
2000b; Chorus, 2011). With expectation and familiarity the chance of inadequate responses to
unexpected changes increases as people do not notice them (Martens and Fox, 2007).
9.2.3 Time in traffic
Time or rather delay, has become an indication of the general acceptability of drivers, with
delay as a measure of driver comfort, frustration, excess fuel consumption and lost travel
time. For many travellers, (delay) time forms the basis for the many choices involved in trip
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planning like destination, mode of transport and route (Transportation Research Board, 2000).
Multiple studies showed that personal characteristics are of lesser importance when
perception is concerned as no significant results could be found for variables like age, gender,
driving experience, education level, etc. (Choocharukul et al., 2004; Wu et al., 2009;
Vreeswijk et al., 2011).
In general, there are two research orientations with regard to (waiting) time experience (Van
Hagen, 2011). The first is that of time perception and investigates people’s estimation of time
and how accurately they are able to guess time intervals. The second orientation studies how
people cognitively and affectively experience waiting time. In the context of this study the
first orientation is related to drivers’ ability to detect changes in time and value them
correctly, while the second orientation is related to drivers’ response to these changes. Earlier
research looked at the experience of delay, estimation of delay and the influence of
environmental factors, and showed that subjects’ waiting time estimates, on average, are fairly
accurate, but widely variable, as are their perceptions (Van der Bijl et al., 2011; Pecheux et
al., 2000a). These studies were based on many different independent scenarios and none of
them systematically studied the effect of changes to the state subjects felt familiar or
comfortable with.
Another way to look at time experience other than in absolute terms is through level of
service as defined in the Highway Capacity Manual (HCM) (Transportation Research Board,
2000). Different studies showed that each level of service represent different delay conditions,
but not necessarily the delay that travellers perceive (Pecheux et al., 2000b; Pecheux et al.,
2000a; Choocharukul et al., 2004). In some cases subjects perceived only two or perhaps three
levels of service rather than the six provided by the HCM. Notably, this suggests that drivers’
quality perception is nearly binary being either ‘good’ or ‘not good’. It appears that subjects
were able to distinguish one scenario from another but unable to perceive fine differences.
Other research suggests that the waiting time in queue is perceived more positively when the
goal of waiting is more attractive, that time savings on long journeys are valued more than
those on short ones, that the size of time savings positively affects the value of travel time
savings, and that time losses are more onerous than failure of time gains (Zhang et al., 2009;
Vreeswijk et al., 2011). In addition, there is evidence that drivers dislike very short stops as
they seem useless (Van der Bijl et al., 2011), but do prefer to split the total waiting time
across multiple intersections at higher cost (Wu et al., 2009), even though traffic light
synchronisation is a very dominant factor (Vreeswijk et al., 2011). Similarly, on motorway
on-ramps drivers perceive ramp waits as 1.6 to 1.7 times more onerous than freeway delays
(Levinson et al., 2004). Overall, it appears that drivers like to perceive progress or motion,
even at a higher cost; reducing one minute of stopped delay is more valuable than reducing
one minute of driving time (Zhang et al., 2009; Maister, 1985). This supports the finding that
travel speed is better perceived and a better indicator for route choice than is travel time
(Tawfik et al., 2010b). When looking at levels of tolerance, waits at traffic lights appear
intolerable when they are longer than 60-65 seconds (Pecheux et al., 2000b; Van der Bijl et
al., 2011), while for metered motorway on-ramps this limit appears to be somewhere between
4 and 5 minutes (Zhang et al., 2009).
9.2.4 Approach
This Section gives a brief recap of the methodological considerations discussed in a previous
paper (Vreeswijk et al., 2012a). To study user awareness at signalised intersections the
method should provide both objective data and subjective data that allow for studying the
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correlation between actual time measurements and time perception. Based on the assessment
of advantages and disadvantages of video laboratory studies, driving simulator studies, field
studies and questionnaires, it was concluded that most valid data can be obtained in a field
study. A great advantage of a field study is that subjects are in their natural environment with
the same perception, behaviour and awareness as they normally have. Additionally, drivers
are familiar with the traffic conditions and traffic light control at the intersection, which is
crucial while studying user awareness.
Several other notable constraints are worth mentioning. First of all, the period between the
event (e.g. waiting) and the response should be as short as possible to preserve the emotion
associated with the wait. Secondly, the use of predefined choices or choice bars with ordinal
or interval scales is highly recommended whereas the use of grades should be avoided if
possible. Finally, a disadvantage of a field study is that the experimental conditions cannot be
controlled. Additionally, it is hardly feasible to equally balance the delay time at the traffic
light. In particular the high and low ranges, that is the very short and the very long waits, are
not easy to obtain as they do not occur frequently. To anticipate to this fact and compensate
for possible shortcomings, the need for a carefully designed questionnaire increases.
To the best knowledge of the authors, no field study on perception of time has been done for
signalised intersections. Yet, its feasibility has been proven by a study on perception of
motorway level of service (Papadimitriou et al., 2010). In this study, drivers were asked to
assess the traffic conditions experienced on a freeway segment, just after having actually
driven along that segment. Drivers were randomly selected while being stopped during the red
signal at a signalised intersection right after the motorway exit, and were interviewed on the
basis of a brief questionnaire. In parallel, objective data was collected by means of cameras
and loop detectors. The study presented in this paper builds upon this approach and will be
further described in the next Section.

9.3

Experimental setup

The field study was conducted in Amersfoort, the Netherlands, which has about 130.000
inhabitants. Although the city is relatively small and compact in an international context, it
can be considered a large city (15th in the Netherlands) in the Dutch context. Data was
collected on Thursday 25th of October and the Tuesday 1st of November 2011 between 8:00
AM and 10:00 AM. Traffic demand, traffic conditions and weather on both days were
comparable, while data logs of the traffic light controller showed that the delays at the
intersection on the two days were normal. The road authority and city police were informed
about the survey and had given their permission. To test the experimental setup and practice
the questionnaire a rehearsal was held on Tuesday 23rd of October between 8:00 AM and
10:00 AM. 20 drivers were interviewed during the rehearsal at a parking garage. Data from
these interviews were not used for analysis, but will be used to explain the design process.
9.3.1 Topology
The inner city ring was selected as study area. All intersections along this road are signalised.
During peak-hour this road carries a high traffic demand, mainly commuters. Two adjacent
intersections were selected; one to measure actual waiting times and another to interview car
drivers. The intersection ‘Stadsring – Van Asch van Wijckstraat’ (intersection A) was selected
for the former, while the intersection ‘Stadsring – Utrechtsweg’ (intersection B) was selected
for the latter. Both intersections are marked on the map in Figure 24. For the rehearsal the
intersection ‘Stadsring – Arnhemsestraat’ (intersection C) was selected in combination with a
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parking garage directly downstream of the intersection. The major advantage of a parking
garage as interview location was the available time to complete the interview.

Intersection

A:

waiting

time

Intersection B: interview location
Intersection C: waiting time measurement
Parking: interview location rehearsal

Figure 24: Overview study area
9.3.2 Travel time measurement
From the interview location at intersection B there was a clear view on the approaching traffic
coming from intersection A, while traffic waiting at intersection B could not see the
interviewers. The interview population was limited to vehicles approaching intersection A
from the north and going straight in a southerly direction to intersection B, there again going
straight. To measure the actual waiting times at intersection A, two video cameras were
placed in an office building facing the intersection (see Figure 25). One camera recorded
traffic on the north-south direction, while the other recorded the traffic situation at the inner
area of the intersection and consequently the reason for waiting. It was considered to use
different control plans for the traffic lights on both measuring days. However, besides
restricting regulations it was considered improbable that drivers would notice such a change
from one day to the next. A longer measurement period would be required. Instead, it was
assumed that user awareness could also be measured by asking drivers to indicate a waiting
time’s deviation from the expected (or average) waiting time. Presumably, if users are aware
of deviations from the average waiting time they will also notice changes in the average.
9.3.3 Interviews
At intersection B, the 2 interviewers wore orange reflecting jackets and a name tag, and were
positioned on the central medium strip where a sign was also placed that made drivers aware
of the survey (see Figure 25). Vehicles from the target direction of intersection A, who
queued on the left lane at intersection B were approached and the drivers were asked to
participate in a short interview. Interviews were ended if all questions were answered or when
the traffic light turned to green. Depending on the response time of the drivers the interview
time was 30-60 seconds. The only difference in the setup at the rehearsal location was that
drivers were interviewed while being stopped at the entrance barrier of the parking garage
(see Figure 25). Based on the experiences from the rehearsal, the length of the interview was
reduced and some of the questions were rephrased.

116

The Dynamics of User Perception, Decision Making and Route Choice

Figure 25 (clockwise): Camera’s for waiting time measurement; camera view on
intersection A; interview location intersection B; interview location parking garage
The final interview was in Dutch and covered 5 questions starting with the one of highest
interest. The other questions were of diminishing importance as it was likely that in a large
number of interviews not all questions could be completed within the red phase. The five
questions and their answering scales, as well as other information registered at the interview
locations are shown in Table 21. Number plates and time of interview were used to match the
interview data with the camera data. Based on the number plates, vehicle characteristics such
as brand, type and colour were retrieved from internet databases. By combining the time of
the interview with these characteristics the corresponding vehicle could be found on the video
tape. Being a manual and visual procedure this was a very time consuming task which
required great care and concentration. Once a vehicle was found the stopped delay (Rouphail
et al., 2001) was measured as well as the position in the queue.
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Table 21: Overview of data collection
Interview location
# Question/Measurement
1 Do you think that the time you were at the traffic light was
shorter or longer than what you are used to?
2 How many times per week do you pass this intersection in
this direction?
3 Can you estimate the time you were at the traffic light?
4 How important do you consider traffic lights in general
when making a route choice?
5 Can you indicate if you are in a hurry today?
Gender
Number plate
Time of interview
Waiting time measurement
Waiting time
Position in queue

9.4

Answering scale
-5 (much shorter)
…-…
+5 (much longer)
1-2 times/week;
3-5 times/week;
+5 times/week
In seconds

Response
92

1 (not important)
…-…
5 (very important)
1 (not) … - … 5 (much)
Male/Female
6 characters
hh:mm

34

27
92
n/a
n/a

In seconds
Number

77
77

79

61

Results

In total 92 interviews were useful for analysis. However, it was not possible to determine the
actual waiting time for 15 of the drivers. The reasons for this were that either the number
plates were unknown in public internet databases or that the vehicles could not be identified
with certainty on the video tape. For 9 of the 15 drivers the subjective data was still used in
the analysis as the interview data alone may also provide valuable findings. All in all, this
means that for 77 drivers the subjective data could be compared with the objective data. An
overview of the number of responses to each question is included in Table 21.
9.4.1 AWT and PWT
First we examined the actual waiting times (AWT) and compared them with the perceived
waiting times (PWT). Figure 26 and Figure 27 show that most of the AWT (i.e. 63%) were
between 20 and 75 seconds. The average AWT was 40.0 seconds with a standard deviation of
25.5 seconds. As can be seen in Figure 26 waiting times were underestimated as the PWT
were systematically shorter (p=0.013 ≤ 0.05) than the AWT. The average PWT was 26.3
seconds with a standard deviation of 19.8 seconds. There was moderate, positive and
statistically significant correlation between the AWT and the PWT of 0.54 suggesting fairly
accurate estimates, which is in line with literature. No significant differences were found
between the PWT of men (63%) and women (37%).
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Figure 26: Perceived versus Actual Waiting Time
9.4.2 Perception error
The average perception error (AWT-PWT) was 13.7 seconds with a standard deviation of
22.3 seconds. It is worth noting that the perception error relates differently to the AWT than
PWT as is shown in Figure 27. There is a strong positive correlation of 0.66 between AWT
and the perception error, which means that the perception error increased with increasing
AWT. This is different for PWT, which shows a weak negative correlation of -0.28 between
the PWT and the perception error. It means that the perception error decreased with increasing
PWT. Both findings are statistically significant at p ≤ 0.05.

Figure 27: Perception error versus AWT and PWT
9.4.3 Classification of waiting times
Of main interest for the objectives of this study were the responses to question 1 (“Do you
think that the time you were at the traffic light was shorter or longer than what you are used
to?”) and their relation to the AWT and the PWT. The results are shown in Table 22. During
the rehearsal 75% of the respondents found their waiting time ‘normal’, which was the main
reason to change the question to its presented form placing more emphasis a choice between
either shorter or longer. Nevertheless, what stands out is that still a large share of the
respondents (41%) considered their waiting time to be ‘normal’ (equals answering option 0).
The average AWT of these respondents was 46 seconds with a standard deviation of 24
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seconds. Besides, out of the remainder of the respondents 40% thought that their waiting time
was shorter than normal. In a recent and larger field study discussed in Chapter 10,
respondents could only answer shorter or longer, followed by a question to indicate the
amount. Remarkably, forcing respondents to make a binary choice still caused 80% of the 312
respondents to indicate that they perceived their waiting time as being shorter compared to
what they are used to.
Table 22: Perceptions compared to expectations
Answering scale
-5
-4
-3
Frequency total
2
4
19
Frequency AWT value
2
4
16
Frequency PWT value
1
3
11
Average AWT
9
59
34
Standard deviation AWT 12.7 72.0 23.2
Average PWT
2
12
28
Standard deviation PWT
n/a 7.6 16.9
Average Perception Error
7
47
6
Average Position in Queue 4
1
5

-2
-1
0
5
7
38
4
7
30
4
2
29
37
39
46
2.6 27.4 24.0
30
13
31
21.6 3.5 26.2
7
26
15
6
3
5

1
2
3
2
2
6
2
2
6
1
1
4
51
82
34
4.9 21.2 35.6
150 15
40
n/a n/a 54.8
-99 -67
6
6
9
3

4
3
2
3
42
25.5
28
27.5
-14
8

5
4
2
2
64
3.5
33
3.5
-31
5

Apart from ‘0’, also the answering options ‘3’ and ‘-3’ were selected a disproportionate
number of times. On the two five point scales these options can be considered as another
neutral choice between much shorter/longer and little shorter/longer. As many respondents
answered -3, 0 or 3, the other answering options did not receive enough responses to allow a
reliable analysis. As such and due to the large variability in AWT and PWT, no systematic
and statistically significant results could be derived from the responses to question 1 other
than ‘waiting times considered shorter are shorter than waiting times considered longer’.
9.4.4 Other findings
Also the remainder of the data from the other questions and measurements as listed in Table
22 did not provide any statistically significant results. The most likely reason for this is a
limited sample size and/or a huge variation in the data. An alternative, yet counter-intuitive,
explanation is that for example waiting time at traffic lights does not affect route choice
decisions, or that sense of urgency does not affect the perception of waiting time. Two
indicative findings are worth mentioning since both seem realistic. First of all, the data
suggests that the perception error decreases if the number of passages of the intersection
increases. Secondly, the position in the queue at the traffic lights seems to affect drivers’
classification, in the sense that longer queues make answers to question 1 shift to the longerside of the answering scale.

9.5

Discussion and conclusion

In line with the literature discussed earlier, the results show that drivers’ perception of waiting
time are on average fairly accurate, but widely variable. Not in line with the literature is that
the respondents systematically underestimated waiting times, while overestimation is more
common. Based on the available data it was not feasible to determine differences between
small, medium and large waiting times, as the low and high segment were underrepresented.
With most waiting times in the range of 20-75 seconds it is remarkable that around 3/4th of the
respondents consider their waiting time normal or shorter than what they are used to. This
might be related to the general underestimation of waiting times. Another perspective is that
due to random arrivals at intersections drivers generally experience both short and long
waiting times and are therefore used to them. As such, in the context of user awareness
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drivers may require multiple experiences before they notice changes in the timing of traffic
lights. In particular if the change in the average waiting time is less than the standard
deviation.
It cannot be ignored that the answering scale that was used to retrieve if a waiting time was
found shorter or longer than normal, did not provide the expected results. As a consequence it
was not possible to derive a final conclusion on user awareness of deviations in the timing of
traffic lights. Similar to the use of grades as reported in literature a bias in the answers was
observed. Especially the neutral options, i.e. ‘0’, ‘-3’ on the shorter-side and ‘3’ on the longerside, were dominant. When examining the relation with the actual and perceived waiting
times it appears that respondents placed their answers on the scale with certain randomness.
However, the sample size of this data set is too small to draw conclusions on this point. It is
also possible that the respondents did not understand the question, or as literature from traffic
psychology research suggests, they were too overwhelmed by the sudden interview to provide
a reliable answer (Martens, 2000). A third option is that respondents really did not know what
their waiting time was and how that compared to the average waiting time. The interviewers
reported this as one of their most notable observations. For example, it occurred numerous
times that the respondents could pass the intersection without stopping (as observed by the
interviewer), yet reporting a perceived waiting time or 30-45 seconds. It is plausible that these
cases approximate the awareness level of commuters when perceiving (waiting) time in traffic
as described by ‘satisficing behaviour’ (Simon, 1978). In that sense, results from a field study
might be more representative than results from studies in a controlled environment where
respondents are probably much more attentive to time. On the downside, it is much harder to
derive conclusions from field data as was experienced in this study. This poses a dilemma for
researchers studying time perception as well as a challenge to determine which results derived
in controlled environments prove to be robust in the field.
Future research involves a larger field study in the city of Enschede, the Netherlands. As
mentioned, the data collection is already completed and analysis of the data is on-going (for
results see Chapter 10). This time a slightly different setup was used including the experiences
from the study reported in this paper as much as possible. The university campus was used as
a study area, in particular a signalised intersection at the entrance and several parking areas on
the campus. At the intersection, actual waiting times of vehicles entering the campus were
recorded manually by groups of students. Vehicle drivers were interviewed by other students
who were stationed at the parking areas.
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10.1 Abstract
It is increasingly acknowledged in transport research that the perceived level of service of the
traffic system much better reflects the experience drivers have than observed level of service.
Especially when traffic management measures change the level of service, it is vital to
understand how this change is perceived by drivers, in order to predict whether or not they
will adapt their behaviour. Psychological and behavioural literature indicates that user
awareness of changes is usually limited and that many changes go unnoticed, but empirical
evidence in a transport context is scarce. This paper focusses on stopped delay at signalised
intersections and presents the results of a field study that addressed the accuracy of drivers’
perception of absolute waiting time at signalised intersections and their level of awareness of
differences in waiting time. Data were collected by means of interviews and manual waiting
time measurements. The results show that respondents on average could fairly accurately
estimate the size and direction of the absolute waiting time, but had little sense of relative
differences in waiting time. In addition, it was found that small waiting times were
overestimated but waiting times larger than 55 seconds were underestimated, while the
perception error never exceeded the maximum actual waiting time. An unpredicted finding
was that the vast majority of the respondents stated that their waiting time was shorter than
expected, even in case of large waiting times. Finally, it was found that the perception error
doubled when drivers thought that their expectations were violated.

10.2 Introduction
Time is without question the most commonly used measure of performance in transport. For
example, time is used as the basis for the definition of the level of service of roads which
provides “a qualitative measure describing operational conditions within a traffic stream and
their perception by motorists and/or passengers” (Transportation Research Board, 2000).
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However, delay time is perhaps an even more important factor in decision making than travel
time. In that regard time has become an indication of the general acceptability by drivers, with
delay as a measure of driver comfort, frustration, excess fuel consumption and lost time. For
many drivers, perceived (delay) time forms the basis for the many choices involved in trip
planning like destination, mode of transport and route. Moreover, perception and awareness
are an essential aspect in choice modelling as supposedly only aware users will reconsider
their choices and perhaps adapt their behaviour. Earlier work of the authors conceptually
demonstrated that the notion of awareness and perception thresholds, and traffic management
measures explicitly respecting these, can successfully improve network performance
(Vreeswijk et al., 2013a). Supporting this concept, psychological and behavioural literature
indicates that user awareness is usually limited and that many changes go unnoticed, but
empirical evidence in transport research is scarce.
This paper focuses on awareness and perception of (stopped) delay at signalised intersections.
Several studies indicated that traffic lights affect routing decisions (e.g. Bar-Gera et al., 2006;
Chen et al., 2001; Papinski et al., 2009). However, an unresolved question with regards to
traffic lights is how drivers perceive (variations in) waiting time. At this point it is important
to distinguish between perception of absolute time and perception of relative time. For
example, if there are n experiences of waiting time ti with i=1….n and ti < ti+1 then ti - ti+1 = Δi. Perception of absolute waiting time concerns the ability to correctly estimate ti, while
perception of relative waiting time concerns the ability to notice that ti < ti+1 and to correctly
estimate Δi. In literature the latter is also referred to as awareness, for example awareness of a
change in performance (e.g. Chorus and Timmermans, 2009). The aim of this study is to
evaluate the accuracy of drivers’ perception of absolute waiting time and perception of
relative waiting time.

10.3 Background
Available literature on perceived waiting time is limited and most available studies focused on
the perception of the level of service at signalised intersections. For example, using video
recordings of real-life waiting scenarios at intersections in surveys it was found that drivers’
waiting time estimates are, on average, fairly accurate in terms of size and direction, but vary
greatly between individual drivers and are therefore often inaccurate (Fang et al., 2003;
Zhang, 2004; Lee et al., 2007; Zhang et al., 2007; Chen et al., 2009; Fang and Pecheux, 2009;
Zhang and Prevedouros, 2011). Moreover, it was found that subjects were able to distinguish
one scenario from another but unable to perceive small differences. At best they perceived
three to four levels of services rather than the six existing ones in the Highway Capacity
Manual. Aforementioned studies put forward an extensive list of factors that affect drivers’
perception of waiting time at signalised intersections, including: actual waiting time, number
of stops, traffic mix – presence of heavy goods vehicles, unused green time for conflicting
traffic, visibility of traffic lights, protected lanes for turning vehicles, presence of information
systems, interference from vulnerable road users, signal coordination and fairness. More
recently, two studies found that trip features (such as trip purpose and average red light time),
socio-economic characteristics (such as gender, educational level, income, and age), and
variables affecting driving perception, such as traffic flow, pavement condition, road design,
traffic control, distribution of vehicle types, and weather, all influence drivers’ perception of
the level of service at signalised intersections (Jou and Chen, 2013; Jou et al., 2013). In terms
of level of tolerance, waiting at traffic lights was found to become intolerable when it exceeds
60-65 seconds (Pecheux, 2000; Pecheux et al., 2000a; Van der Bijl et al., 2011). Additionally,
it was found that drivers make a trade-off between total waiting time in a corridor and
individual waiting time at each intersection. Findings revealed that drivers prefer to split the
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total waiting time across multiple intersections at the price of a longer total wait if the
difference in the total waiting time of two signal designs is within 30 seconds (Wu et al.,
2009). Similarly, it was found that drivers prefer to perceive progress or motion, even at
higher cost. To them, reducing one minute of stopped delay is more valuable than reducing
one minute of driving time (Zhang et al., 2009).
Based on multiple methodological considerations presented in an earlier paper (Vreeswijk et
al., 2012a) and especially inspired by the approach used by Papadimitriou et al.(2010), a field
study was designed and piloted on a relatively small scale (Vreeswijk et al., 2013d). In this
study, measurements of actual waiting times were compared with perceived waiting times
derived from interviews. The interviews were conducted at a signalised intersection while
vehicles were stopped at the red signal and at the entrance of a parking area. Drivers were
asked questions related to their waiting time experience at the previous upstream intersection.
The results of the study revealed several valuable insights related to the methodology. For
example, reported waiting times appeared random, possibly as a result of a small sample size
or because respondents were overwhelmed by the sudden and short interview. Additionally,
comparison with expected waiting time (i.e. shorter or longer than normal) showed that the
neutral/easy-out options on the five-point scale were dominant in the data.
Building upon the aforementioned pilot study this paper presents the results of a larger
follow-up study. The main objective of this study is to evaluate drivers’ perception of absolute
time and perception of relative time (i.e. awareness) as explained above. As earlier work in
literature focused on absolute waiting time (i.e. to correctly estimate ti and not to notice that ti
< ti+1) and data collection in controlled environments (raising concerns on the level of
validity), the research contributions of this study are the perspective of relative time and data
collection in a real-world setting. In the next Section the experimental setup is presented.
Thereafter the results are presented followed by discussion and conclusion.

10.4 Approach
Data were collected at the university campus in the medium-sized city of Enschede in the
Netherlands, which has about 130.000 inhabitants. Data were collected at the signalised
intersection at the entrance of the campus and several parking areas on the campus on four
different days: Friday 9th of December 2011, Friday 13th of January 2012, Friday 23rd
November 2012 and Friday 11th of January 2013, between 8:00 AM and 10:00 PM. Traffic
demand and weather on all days were comparable (two data collection sessions were
rescheduled due to winter weather). These days were selected mainly because on each of them
30-35 undergraduate students were available to assist in the data collection. The location was
selected for two reasons. Firstly, because it provides the required setup which allows
interviewing soon after the waiting experience; secondly, the signalised intersection was
newly constructed and opened just one week before the first data collection moment, which
means that road users were not used to the signal timing yet. As such, data collection at
intervals (1 month, 1 year and 1 month in between respectively) was expected to offer an
interesting case to study the evolution of waiting time perception. One possible limitation is
that people working around a university campus may have higher education and therefore not
be representative for the general public.
At the intersection, actual waiting times of vehicles entering the campus were recorded
manually by groups of students. Three different groups of 2-3 students each covered a
different direction, i.e. vehicles turning left, going straight or turning right. All directions were
serviced by one lane. The students registered for each signal cycle: the start time (hh:mm) of
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the red phase, vehicle arrivals as off-set in seconds from the start of the red phase, the number
plate of the vehicles and the length of the red phase in seconds. Waiting times were calculated
afterwards.

Entrance
Figure 28: Overview study area
Vehicle drivers were interviewed by other students who were stationed at the four parking
areas indicated on the map shown in Figure 28. Only subjects who had entered the campus via
the main entrance, i.e. via the signalised intersection, were interviewed. Figure 29 gives an
impression of the data collection process and how students were stationed.

Figure 29: Impression of data collection effort
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The questionnaire covered 10 questions in the version that was used on the first two days and
5 questions in the version that was used on the other two days. The phrasing of questions and
the answering scale of some questions were changed halfway which will be discussed in more
detail later. Table 21 gives an overview of the questions and the answering scales. The
rationale of the questions will be discussed in the results Section.
Table 23: Overview of data collection
Interview location
# Question/Measurement
Scale – day 1 & 2
1 Do you think that the time you were at
Shorter
the traffic light was shorter or longer
Longer
than what you are used to?
2 How much shorter/longer?
1 (a little)
…
5 (much)
3 Do you think that the time you were at
1 (unacceptable)
the traffic light is acceptable?
…
5 (acceptable)
4 Do you think that the time you were at 1 (not understandable)
the traffic light is understandable (fair)?
…
5 (very understandable)
5 How important do you consider traffic
1 (not important)
lights in general when making a route
…-…
choice?
5 (very important)
6 If you could avoid this traffic light by
1 (definitely not)
using a different route and this
…
5 (absolutely)
morning’s situation would occur
frequently, would you choose the
alternative route?
7 Can you estimate the time you were at
the traffic light?
In seconds
8

9

Can you indicate if you are in a hurry
today?
How much delay did you have during
your entire journey?

10 How many times per week do you
travel to campus by car?
11 What do you think is the time that you
are at this intersection ‘normally’ or ‘on
average’?
Gender
Number plate
Time of interview

1 (not)
…
5 (much)
1 (no delay)
…
5 (much delay)
0-1 times/week;
2-4 times/week;
5+ times/week

Scale – day 3 & 4
Shorter
Longer
1 (much)
…
4 (a little)
1 (acceptable)
…
4 (unacceptable)
Question removed

Question removed

Question removed

In seconds

Question removed

Question removed

Question removed

Question later added

In seconds

Male/Female
6 characters
hh:mm

Male/Female
6 characters
hh:mm

10.5 Results
In total 377 interviews could be matched to a waiting time measurement based on the
registration of number plates. 18 interviews had to be removed because they were incomplete.
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Also outliers were removed. For actual waiting times, all values 1.5 times the interquartile
distance more than the median are considered outliers because it is likely that these are
wrongly measured or registered. For perceived waiting times, only extreme outliers 3 times
the interquartile distance more than the median were removed as these seemed too
questionable. At the same time, it was decided to retain all smaller values because these may
still resemble actual perceptions if only of a small part of the population. The Table below
shows how many waiting times were registered, how many people were interviewed, how
many waiting times and interviews could be matched and how many valid cases remained.
The figures show that experience with the data collection method over time increased the
effectiveness. For example, the number of waiting time registrations increased while the
number of students recording them remained the same, and the number of interviews
decreased while the number of successful interviews increased. Notably, as it was possible to
interview the same individual on each of the four days, interviewers experienced that the
people’s willingness to participate to the interviews decreased over time.
Table 24: Statistics of collected data
Category
Waiting time registrations
Interviews
Matches
Valid cases
Successful interviews

Day 1
380
322
110
97
30%

Day 2
454
259
94
79
31%

Day 3
552
237
97
87
37%

Day 4
596
166
76
72
43%

Total
1982
985
377
335
36%

10.5.1 Actual waiting time (AWT) versus Perceived waiting time (PWT)
First, measured actual waiting times (AWT) are compared to reported perceived waiting times
(PWT). Also see Figure 30. To begin with AWT and PWT are examined in isolation.
Regarding AWT, there was a statistically significant difference between the AWT of different
days as determined by one-way ANOVA (p = .000). A Tukey post-hoc test revealed that the
AWT was statistically significantly longer on day 1 (29.2 ± 21.5 sec) compared to day 2 (16.4
± 17.2 sec, p = .000) and day 4(20.3 ± 19.8 sec, p = .018). There were no statistically
significant differences between days 2, 3 and 4 (p > .050).

Figure 30: PWT versus AWT. Dashed line represents y=x
Solid line is fit line to total.
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For PWT, there was a statistically significant difference between the PWT of different days as
determined by one-way ANOVA (p = .001). A Tukey post-hoc test revealed that the PWT
was statistically significantly longer on day 1 (43.75 ± 47.6 sec) compared to day 2 (22.5 ±
20.0 sec, p = .001) and day 4(27.5 ± 32.0 sec, p = .0.019). There were no statistically
significant differences between days 2, 3 and 4 (p > .050). These results show that PWT
behaves in a similar way as AWT and as such are fairly accurate on average.
By deducting PWT from AWT the perception error was computed. A negative value means
that the actual waiting time was overestimated, while a positive value indicates that the actual
waiting time was underestimated. As determined by one-way ANOVA (p = .369) there were
no statistically significant differences between the perception error of different days.
Decreases in the perception error mainly seem to be caused by shorter AWT which seems to
result in smaller PWT and a smaller standard deviation of PWT. In turn, these increase the
standard deviation of the perception error. These findings seem to imply that the waiting time
perception or the accuracy of perception did not evolve over time despite a newly introduced
traffic situation.
When analysing the data in more detail, actual waiting times were on average 22.4 sec with a
standard deviation of 19.8 sec, while perceived waiting times were on average 32.1 sec with a
standard deviation of 36.5 sec. These figures show that AWT were overestimated on average
even though just 53% of the PWT lie above the x=y line in Figure 30. Compared to the line
y=x, the fit line shows that small AWT were mostly overestimated, while AWT longer than
55 sec were more often underestimated. The Pearson correlation coefficient of PWT versus
AWT was 0.366 and statistically significant (p < 0.01) while the standard deviation of PWT
increased with the average PWT. These findings again show that PWT were on average fairly
accurate but vary greatly between individual drivers, especially for longer AWT.

Figure 31: Perception error versus PWT
Figure 31 offers an interesting viewpoint by comparing PWT with the perception error. The
perception error was on average -9.67 sec with a standard deviation of 34.6 sec. The Pearson
correlation coefficient of perception error versus PWT was 0.845 and statistically significant
(p < 0.01). This finding and Figure 31 confirm that perceptions are widely variable, but
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systematically not more widely spread than approximately 65 sec. Remarkably, Figure 30
shows that 65 seconds is in the range of the maximum actual waiting time. One possible
interpretation of this finding is that subjects had a good sense of what they could expect in
terms of waiting time and that their reported waiting time was merely a reflection of that.
10.5.2 Short versus long
The purpose of the first two questions was to evaluate awareness next to perception. As
explained earlier, perception concerns the ability to correctly estimate ti, while awareness is
about the ability to notice if ti < ti+1 and to correctly estimate Δi. Unfortunately it was not
possible to systematically control the actual waiting times, but instead subjects were asked to
compare their last waiting experience with earlier experiences.
Question 1 “Do you think that the time you were at the traffic light was shorter or longer than
what you are used to?” was answered with ‘shorter’ in 87% of the cases. Most AWT for this
group ranged from 12 to 54 sec. On the days 1 and 3 the share of people who indicated that
their wait was longer than expected was slightly larger which is in line with the actual travel
times. T-tests show that the AWT and PWT of people who indicated ‘longer’ are indeed
larger than for people who indicated ‘shorter’ (AWT(34.5 vs. 20.5, p = .000), PWT(61.6 vs.
27.8, p = 0.000)). Worth mentioning are the large standard deviations which indicate that
people with very different experiences and/or perception may have the same judgement.
The follow-up question of question 1 was: “How much shorter/longer?”. The motivation for
this question was to evaluate subjects’ ability to precisely classify a particular waiting time
and must be analysed in the context of AWT and/or PWT. The hypothesis is that AWT and
PWT decrease linearly from the class ‘much longer’ to ‘much shorter’. It is important to
consider that the results of the previous question imply that only a small sample is available
for the longer-side.
Table 25: Perceived (PWT), Actual (AWT) and Expected (EWT) waiting time
classification (negative = longer; positive = shorter)
PWT
-5
-4
-3
-2
-1
1
2
3
4
5
1-5
2,5
1-5
-5,-3
-5,-3
-5,-3
-5,-3
-5--3,5
Day 1/2
120
74
101
72
27
28
24
37
37
14
Day 3/4
n/a
49
n/a
37
43
40
485
n/a
34
162
1,2,4,5
5
1-5
-5,-3
-5,-3
-3
-3,5
Total
90
61
101
46
39
33
33
37
35
16-5--3,5
AWT
-5
-4
-3
-2
-1
1
2
3
4
5
Day 1/2
43
43
43
38
49
21
21
23
23
17
Day 3/4
n/a
34
n/a
18
33
27
28
n/a
23
15
Total
33
39
43
23
38
24
23
23
23
16
Sample
-5
-4
-3
-2
-1
1
2
3
4
5
Day 1/2
3
7
5
3
2
17
22
32
44
39
Day 3/4
1
7
n/a
8
4
12
12
n/a
50
62
Total
4
14
5
11
6
29
34
32
94
101
EWT
-5
-4
-3
-2
-1
1
2
3
4
5
201,5
301,5
n/a
34
39
76-5,-4
69-5,-4
n/a
55-5,-4
56-5,-4
Day 3/4
* Superscripts indicate classes that are statistically significantly different for p ≤ 0.05

A 5-point scale for each side (shorter or longer) was used in the interviews of the first two
days, together resulting in a 10-point scale. For these two days, there was a statistically
significant difference between the AWT and between the PWT associated to the five classes
as determined by one-way ANOVA (AWT: p = .006 and PWT: p = .000). This, however,
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does not specify which groups differed. A Tukey post-hoc test revealed a number of things.
For example, for AWT there were no statistically significant differences between any of the
five classes. Secondly, for PWT there were no statistically significant differences between the
classes that are on the same side, while most classes were statistically significantly different
from one or more classes of the opposite side. No particular pattern could be observed, i.e. it
could concern the 2nd and the 5th opposite class but not the ones in between (see superscripts
in Table 25). Another observation relates to the outer (i.e. -1/1 and -5/5) and middle classes
(i.e. -3/3) which is that these classes seem to cause a break in the pattern of the output data.
This suggests that respondents selected middle classes as a relatively neutral easy-out option,
while for the outer classes it seems that they may have accidentally confused the meaning of
‘1’ (being a little longer/shorter) and ‘5’ (being much longer/shorter) with quality grades.
For this reason the answering scale was amended for the last two days and a 4-point scale was
used to eliminate a neutral middle option. In addition and as shown in Table 25, the labels of
the scale was reversed to rank ‘much larger/short’ as ‘1’ instead of ‘5’ in an attempt to be
more intuitive to the respondents. For the analysis data from the two approaches were unified.
Results for the last two days show that there was a statistically significant difference between
the AWT and between the PWT associated to the different classes as determined by one-way
ANOVA (AWT: p = .029 – PWT: p = .005). However, A Tukey post-hoc test revealed that
there were no meaningful statistically significant differences between any of the classes for
either AWT or PWT. Finally, combining the data of the first and the last two days did not lead
to other findings.
The above results suggest that subjects on average were able to distinguish short from long,
i.e. on a binary level, but were unable to distinguish small differences. This was confirmed by
clustering neighbouring classes (i.e. -5 with -4, -2 with -1, etc.) until the difference between
classes was statistically significant. This was achieved when only two clusters remained:
shorter and longer. It is important to note that this finding might be due to a relatively small
sample size for some of the classes and a relatively large variation in PWT. Together these
considerably affect confidence intervals. The results imply that the respondents could fairly
accurately notice that ti ≠ ti+1, but were unable to precisely estimate the size (and possibly the
direction) of the difference.
To verify this, the question ‘What do you think is the time that you are at this intersection
‘normally’ or ‘on average’?’ was added to the interviews for day 3 and 4. The hypothesis is
that if respondents, for example, indicated that their waiting time was longer than what they
are used to, that their expected waiting time (EWT) is also smaller than their PWT. By
combining the EWT from this question with the PWT allows verifying if the PWT was truly
longer to shorter than expected and to what extent.
The line x=y in Figure 32 confirms that most PWT were less than expected (i.e. shorter – in
91% of the cases). Similarly, the mean difference between the PWT and the EWT was 25.6
sec while the median was 10.0 sec. The average EWT was 54.7 sec with a large standard
deviation of 49.9 sec. Table 25 shows that the relation between EWT and PWT on the 4-point
scale is as expected, i.e. shorter EWT for PWT indicated as longer and reversely. However, a
Tukey post-hoc test revealed that mainly the outer classes were statistically significant
different, which reinforces the earlier conclusion that subjects at best were able to distinguish
2 classes, being short and long.
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Figure 32: PWT versus EWT. Dashed line represents y=x. Solid line is fit line to total
Two other observations are worth mentioning. First, the standard deviation of PWT smaller
than EWT is half the standard deviation of PWT larger than EWT (21 vs. 43 seconds).
Secondly, the perception error of PWT smaller than EWT is one-quarter of the perception
error of the PWT larger than EWT (-9 seconds vs. -37 seconds). These findings suggest that
negatively perceived experiences are valued less accurate than positively perceived
experiences even though this is not clearly reflected by the individual and average values of
PWT relative to AWT and EWT. Perhaps there is more anxiety or emotion involved when
expectations are violated, leading to larger perception errors.
10.5.3 Acceptability and fairness
With 87% of waiting times being perceived as shorter it comes as no surprise that the majority
of respondents stated that the waiting time was acceptable. The related perceived and actual
travel times indicate that on average acceptable travel times were shorter than unacceptable
travel times. Also see Table 26. There was a statistically significant difference between the
AWT and between the PWT related to the different classes as determined by one-way
ANOVA (AWT: p = .002 – PWT: p = .000). However, A Tukey post-hoc test revealed that
there were no statistically significant differences between any of the classes for AWT while
for PWT only statistically significant differences between the outer classes are meaningful.
Usage of a 4-point scale instead of a 5-point scale on the last two days resulted in more
uniformity in the related AWT and PWT over different classes but did not affect the overall
findings; most acceptable travel times were generally shorter than most unacceptable travel
times.
Table 26: Classification of acceptability
Count
PWT
AWT

Unacceptable
13 [3.9%]
665
33

2
14 [4.2%]
38
33

3
15 [4.5%]
555
33

4
81 [24.4%]
435
24

Acceptable
209 [63%]
241,3,5
19

Findings for the level of fairness, i.e. the extent to which waiting times are understandable, are
very similar to the findings on acceptability. This can be explained by the strong correlation
between the two variables (coefficient = 0.683, p = 0.01) which indicates that acceptable
waiting times were generally considered understandable and fair too.
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10.5.4 Importance of traffic lights
A more general question concerned question 5 regarding the importance of traffic lights in
route choice. It concerned a question with a 5-point answering scale and was only included on
the first two days. The results reveal heterogeneity among the respondents. The outer classes
‘not important’ and ‘very important’ were selected 15% of the cases while the three middle
classes were selected in 20-25% of the cases. In addition, there was no statistically significant
difference between the AWT and between the PWT associated to the different classes as
determined by one-way ANOVA (AWT – p = 0.426; PWT – p = 0.498). In particular for
PWT this finding is surprising as one would expect that respondents which indicated that
traffic lights are very important in route choice also stated larger PWT. A closer look at the
data does indeed reveal that PWT related to ‘very important’ are on average 45 sec while for
all other classes the PWT was on average about 30 sec. Moreover, the perception errors
related to the class ‘very important’ are on average also the largest which is in line with
findings for EWT discussed earlier. Overall, the findings reveal that traffic lights are more
important in route choice for some respondents than for others, but do not indicate any
majority. PWT were most overestimated by the respondents that consider traffic lights are
very important in route choice.
The next question dealt with route switching in response to the experience waiting time. On a
5-point answering scale, 49% of the respondents stated that they ‘definitely would not’ divert
to an alternative route if the experienced waiting time would occur frequently. There was a
statistically significant difference between the PWT and the perception errors related to the
different classes as determined by one-way ANOVA (PWT: p = .020; perception error: p =
.046). However, a Tukey post-hoc test revealed that there were no statistically significant
differences between any of the classes for both PWT and perception error. The averages
however show a clear pattern. For example, the PWT of respondents who would ‘absolutely’
choose the route alternative is twice the PWT of respondents who would definitely not divert.
Additionally, the perception error is six times as large for respondents who would absolutely
choose the alternative route. Remarkably, these respondents were not more negative about the
experienced waiting time in terms of its shortness or length (i.e. questions 1 and 2). This
suggests that there is a general negative attitude towards traffic lights rather than a perception
that is negatively affected by a particular waiting situation.
10.5.5 Urgency and en-route delay
Questions 8 and 9 were included in the questionnaire of the first two days to determine if
urgency and en-route delay influence PWT. The group of respondents which was ‘much in a
hurry’ was about twice as large as the other groups. It was expected that the respondents who
were most in a hurry would have larger PWT. However, there were no statistically significant
differences between the AWT, between the PWT and between the perception error associated
to the different urgency-classes as determined by one-way ANOVA (AWT: p = 0.273; PWT:
p = 0.540; Perception error: p = 0.748). Also the averages of AWT, PWT and the perception
error for the different classes are in the same order of magnitude.
Concerning the amount of delay during the entire journey the expectation was that
respondents who had already experienced much delay would express larger PWT. In the
questionnaire, the vast majority of the respondents indicated that they had experienced no or
little delay during the entire journey. As determined by one-way ANOVA (AWT: p = 0.273;
PWT: p = 0.540; Perception error: p = 0.748) there were no statistically significant
differences between the AWT, between the PWT and between the perception error related to
the different en-route delay-classes. However, the averages of these variables in the different
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classes shows that the average PWT of respondents who had experienced much en-route delay
already was about 1.7 times as much as the average PWT of the other classes. Consequently,
the perception error of these respondents was also larger by a factor 3.
10.5.6 Familiarity and gender
Lastly respondents were asked to indicate on a 3-point scale how often they travel to the
university campus by car. The groups related to the three classes were of about the same size.
The expectation was that perceptions would be more accurate for respondents who make the
same journey frequently. However, there were no statistically significant differences between
the PWT and between the perception error related to the different familiarity-classes as
determined by one-way ANOVA (PWT: p = 0.376; Perception error: p = 0.620). The
averages of the different classes suggest that the perception error of the most familiar
respondents is a little smaller than the perception error or the least familiar respondents, but
both are smaller than the perception error of the moderately familiar respondents. The PWT of
the least frequently traveling respondents is smallest of all, but coincidentally they also
experienced the smallest AWT. With regard to gender, the average perception error suggests
that PWT of female respondents were more accurate (-7.5 vs. -11.6), but this finding is not
statistically significant (p = 0.283).

10.6 Summary of results and conclusion
The aim of this study was to evaluate the accuracy of drivers’ perception of absolute waiting
time and perception of relative waiting time. Regarding the former, data analysis showed that
on average respondents could fairly accurately estimate the size and direction of the absolute
waiting time ti. However, it was also found that PWT varied greatly between individual
respondents, which implies that not all perceptions are equally accurate. In addition, results
repeatedly implied that respondents were not able to distinguish small differences, but two
classes at the most (e.g. short and long, acceptable and unacceptable, or expected and
unexpected). As such respondents were to a large extend able to notice if absolute waiting
time ti < ti+1, but were hardly aware of the relative waiting time Δi. These findings are in line
with literature.
Another interesting finding is that standard deviations of PWT and the perception error are
two to four times larger for negatively perceived experiences than for positively perceived
experiences. Possibly, this finding can be attributed to asymmetry caused by loss aversion
(e.g. Kahnemann and Tversky, 1979) which states that losses weigh about twice as much as
same-sized gains. Notably, the range of the perception error never exceeded the maximum
actual waiting time which suggests that perception is based on a general expectancy of traffic
light performance. Similarly, the accuracy of perception did not evolve over time as was
expected, despite a newly introduced traffic situation.
On average, waiting times were overestimated although almost half of the respondents
underestimated their waiting time. In particular small AWT were overestimated while AWT
larger than 55 sec were mainly underestimated. A remarkable and repetitive finding is that the
vast majority of respondents stated that their waiting time was shorter than expected, even for
large AWT and all three directions. Possible explanations might be that the EWT of
respondents is based on traffic lights in general and/or that the EWT is biased. Further
analysis showed that waiting times perceived as shorter were indeed shorter than waiting
times that were perceived as longer. Furthermore, indicative findings suggests that
respondents who consider traffic lights to be very important in route choice, respondents who
would absolutely divert to an alternative route if the experienced waiting time would occur
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frequently, and respondents who experienced much en-route delay have considerably larger
perceived waiting times compared to other respondents. These findings seem realistic and are
in line with literature. No meaningful findings were obtained for urgency, familiarity and
gender. Also in literature there is no consensus on the influence of these and other socioeconomic and personal characteristics.
Methodologically it can be concluded that although field studies are supposedly more
representative than studies in a controlled environment, it seems much harder to derive
patterns from field data. One explanation is that these patterns may not exist in the first place,
which questions the validity of studies in controlled environments. Another explanation is that
it requires much more resources to properly study perception in real-life conditions. It is also
important to remember that it was not possible to systematically control the actual waiting
times in this study. Instead subjects were asked to compare their last waiting experience with
earlier experiences, which implies that findings on perception of relative waiting time were
derived and not measured directly.
It is recommended that future research addresses the generality and reproducibility of the
findings presented in this paper, for example at a different intersection, a different city or even
in a different country. Additionally, a valuable avenue for further research is measurement of
awareness and perception of real-world traffic light changes as a result of a new signal control
method. Finally, the implications of limited awareness and perception errors for transport
policy and operational traffic management aiming to increase the overall system performance,
is an interesting avenue for further research. The practical implications of perception bias as
presented in this paper are, for example, that level of service definitions have to be
reconsidered, that traffic management interventions should be designed keeping in mind
human error, and last but not least, that policy makers and traffic manager are offered an
incentive ‘lever’ to exploit perception bias and limited awareness to improve the overall
system’s performance (also see Chapter 8).
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11. Analysis of inertial choice behaviour based on
expected and experienced savings from a realworld route choice experiment

Vreeswijk, J., Rakha, H., Van Berkum, E., and Van Arem, B., 2014.
Analysis
of
inertial choice behaviour based on expected and experienced savings from a real-world
route choice experiment. Submitted for publication in International Journal of
Transportation.

11.1 Abstract
In the context of route choice, inertial behaviour shows that drivers make choices that are
satisfactory rather than optimal. Consequently, drivers may not necessarily respond to
changes in the traffic system. Instead it is assumed that drivers only alter their choice when
the utility difference between alternatives becomes larger than some individual-situationspecific threshold. Route choice data from a real-world driving experiment was used to study
inertial behaviour and to estimate inertia thresholds. The data analysis consisted of two parts.
One defined as expected travel time savings relative to choice alternatives and another defined
as experienced travel time savings on the current route. With regard to the former it was found
that on average roughly one-quarter of the choices were inertial choices. Small travel time
differences and dominant non-travel time route attributes had a positive effect on the
frequency of inertial choices. Based on lost travel time for routes with an average travel time
of 8 to 16 minutes, inertia thresholds up to 2.90 minutes or 33% of the average travel time
were found, while thresholds up to 1.22 minutes or 13% were most common. Considerable
differences between OD-pairs and routes indicated that thresholds are probabilistic and
dependent on the choice set. Considering experienced savings, it was found that on average
roughly half of the choices concerned inertial behaviour. Inertia thresholds up to 3.77 minutes
or 47% of the average travel time were found, while thresholds up to 0.97 minutes or 11%
were more common. Switching behaviour could not be explained by experienced savings as
participants were much less responsive to experienced loss on the current route as opposed to
expected loss relative to the choice alternative.
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11.2 Introduction
11.2.1 Motivation
In the 1970’s and again more recently, behavioural economics is rapidly gaining ground both
outside and inside the transport research arena. Behavioural economics draws on the aspects
of (cognitive) psychology, social sciences and economics, and studies the motives and
behaviours that explain deviations from rational behaviour (Avineri and Prashker, 2004). In
contrast to the rational economic model, human rationality is about our distance from
perfection given the observation that people have limited knowledge and constrained
cognitive abilities, leading to prejudiced reasoning, biased perception and a type of behaviour
that is characterised by repeatedly choosing suboptimal routes from the perspective of travel
time minimisation. A generic term for this kind of behaviour is ‘bounded rationality’ that was
first introduced by Herbert Simon (Simon, 1955).
From the 1970’s onwards, many researchers showed that boundedly rational behaviours are
neither random nor senseless, but that they are systematic, consistent, repetitive, and therefore
predictable. Most distinguished and frequently cited are works of Kahnemann and Tversky
(for an overview see Kahnemann, 2011), and McFadden (e.g. McFadden, 1999). Moreover, it
is widely acknowledged that these behaviours have important implications for example on
prediction capabilities of choice models and the effectiveness of transport policy. For
example, a relevant notion in the context of boundedly rational behaviour relates to route
switching behaviour and is that drivers supposedly only alter their behaviour or choice when
the utility difference in the transport systems or their trip, becomes larger than some
individual-specific threshold (Mahmassani and Chang, 1987). Like boundedly rationality, the
term ‘threshold’ is relatively generic. It acknowledges the potential existence of limits,
boundaries or cut-offs of perception and consideration of attributes by an individual, as a
result of some behavioural mechanism (Cantillo and Ortúzar, 2006).
The notion of indifference bands and thresholds is well-known in economics and marketing as
it is closely related to price elasticity. As a complement to price elasticity, thresholds add the
condition that consumers do not respond to small price changes within a ‘pricing indifference
bands’, i.e. a range of possible prices up to which price changes have little or no impact on
customer purchase decisions (Cram, 2006). It is argued that this ‘range of inattention’ along
the demand curve gives retailers an incentive for small price increments to increase profit
(Levy et al., 2004). Analogically and as conceptualised and demonstrated in earlier work by
the authors (Vreeswijk et al., 2013a; Vreeswijk et al., 2012b), when applied in the context of
transport thresholds may give policy makers, road operators and traffic engineers an incentive
‘lever’ to modify choice attributes, which in turn will increase the performance of the traffic
system.
Unmistakably, the challenge and at the same time contribution of this paper is to collect
empirical evidence and estimate the indifference band threshold. Remarkably, the literature on
empirical research is limited despite the numerous requests for empirical evidence to validate
theories derived from behavioural economics and to develop better descriptive models for
travel choice behaviour. The next Section further describes the background of this research,
followed by the research objective and approach. Next the setup of the real-world driving
experiment is described to demonstrate how the route choice data were collected and used.
Thereafter the analysis results are presented. The final Section presents the conclusions of the
study and outlines future research activities.
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11.2.2 Background
An important limitation with regard to bounded rationality and thresholds is that underlying
behavioural and cognitive mechanisms may differ in a strict sense, but that it is impossible to
distinguish between them based on observed choice alone. Therefore it is important to clearly
hypothesise studied behaviours and outline the assumptions that are adopted. To further
specify the concepts of bounded rationality and thresholds, the work of Cantillo and Ortuzar
(2006) is used as a starting point to distinguish three perspectives.
1. Inertia, habit or reluctance to change
Habit forms when automated cognitive processes take control as the decision maker
repeatedly choses the same alternative (Verplanken et al., 1997). Moreover, if the cost of
searching for and constructing new alternatives is too high, or if it has too much associated
risk, people make an effort-accuracy trade-off and will tend to reuse past solutions that make
behaviour easier and less risky (Payne et al., 1993). Van Berkum and Van der Mede (1993)
defined habit as the propensity to repeat certain behaviours, not necessarily preceded by
change or a changing force. Although similar to habit, inertia also acknowledges that the mere
action of choosing a particular alternative makes it more probable that the alternative is
chosen again on the next day, it adds to this notion that the reason for this repetition may in
fact be that the anticipated (expected) quality of an alternative is much higher than that of its
competitors (Chorus and Dellaert, 2012). As it were, the so-called inertial effect increases the
utility of the current path which means that the same observed behaviour can still prevail after
a change (Srinivasan and Mahmassani, 2000).
2. Minimum perceptible changes
The notion of a minimum perceptible change implies that attribute changes below the
threshold do not cause a reaction in the individual (as perceptually the utilities do not change).
Theories on ‘just noticeable differences’ suggest that people may be unable to perceive small
differences in the price of products (Monroe, 1970), or just not interested in these differences
as it does not pay off to notice them (Levy et al., 2004). This phenomenon is complex since
changes can accumulate and eventually exceed the threshold; while in parallel there might be
adjustments in individual behaviour, dependent on the speed of change, which in turn can
modify the threshold. Closely related are studies that deal with limited awareness which
primarily focus on the discovery of (new) utility differences. Generally, awareness may either
result from direct experience (i.e. by having chosen the alternative on one of the preceding
days) or from indirectly noticing the change (e.g. from a friend or through a travel information
service) (Chorus and Timmermans, 2009).
3. Mechanisms of acceptance or rejection of alternatives
Although it is more common practice to assume that individuals make trade-offs among
attributes (Payne et al., 1993), people may actually behave in a non-compensatory manner as
in the elimination-by-aspects (EBA) model of (Tversky, 1972) or the satisficing heuristic
(Simon, 1955). Based on personal preferences, individuals are assumed to have both a ranking
of attributes and minimum acceptable thresholds for each of the attributes. The process begins
with the most important attribute, the threshold of which is retrieved and all alternatives with
attribute values over the threshold are eliminated. The process is repeated for the remaining
attributes in order of importance until one alternative satisfies them all. If none or more than
one alternative satisfies all the threshold constraints the preferred one may be selected in a
compensatory manner. On top of this process, satisficing behaviour states that decision
makers will continue using the chosen alternative as long as it ‘suffices’ in ‘satisfying’
(together satisficing) the decision maker’s goals. Moreover, it is assumed that the decision
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maker will not continue his/her search for a more optimal alternative. Based on the principle
of EBA and satisficing, some analysis have shifted their attention from the decision making
process to the choice set formation process as pruning of rejected alternatives may improve
model predications considerably (Ben-Akiva and Boccara, 1995; Prato and Bekhor, 2007).
The different perspectives are very closely related and should be considered complements
rather than substitutes, as for example inertia and awareness limitations may exist
simultaneously (Chorus and Timmermans, 2009). Yet, the empirical identification of such an
integrated model is not trivial. For example, it is impossible to derive, from the observation
that a traveller repeatedly chooses one particular route that performs less than another
available route, whether this results from individual preferences (rejection of alternatives),
satisficing behaviour, limited awareness, perceptual errors, habit or inertia.
11.2.3 Objective and approach
Earlier research of the authors addressed the topic of indifference band thresholds by studying
the influence of perception bias on route choice, and how route attributes and past decisions
affect perception (Vreeswijk et al., 2014; 2013c). To complement this research, the aim of this
paper is to observe the frequency of different choice strategies, to determine how they are
influenced by situational variables and to quantify the thresholds associated to the strategies.
From the perspective of indifference band thresholds the main interest can be summarised as
the inertial effect i.e. a traveller repeatedly chooses one particular route that performs less
than another available route. It is important to realise that in the context of decision-making,
the inertial effect may have different meaning. For example, in case of inertia or reluctance to
change, travellers are supposed to be open to multiple choice alternatives but to be indifferent
to differences in the utility of these alternatives. On the other hand, in case of satisficing
behaviour, travellers are assumed to strictly focus only on the utility of the chosen alternative
and to be indifferent to decreases in the utility. In this paper we refer to the extent travellers
are indifferent to either type of disutility as the inertia threshold.
Run < t-1

Run t-1

Run t

Previous
experiences

Expected TT
chosen route

Experienced TT
chosen route

Previous
experiences

Expected TT
non-chosen route

Experienced
savings

Expected
savings

Figure 33: Logic expected savings and experienced savings
Definition - The data analysis in this paper will focus on route switching behaviour and
inertial choices in particular. In anticipation to the two readings of the inertial effect we
introduced expected savings relative to choice alternatives and experienced savings on the
current route. The former is aligned to mechanisms of inertia and reluctance to change,
whereas the latter is aligned to mechanisms of satisficing behaviour. Their computation logic
is also shown in Figure 33. In this paper expected savings are defined as the difference
between the expected travel times of two routes after run t-1, assuming the driver will repeat
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the current choice at run t+1. A positive value indicates a gain (i.e. travel time of the current
choice < travel time choice alternative) whereas a negative value indicates a loss. Similarly,
experienced savings are defined as the difference between the experienced travel time of the
current route for run t and the expected travel time of that route after run t-1. A positive value
indicates a gain (i.e. experienced travel time < expected travel time) whereas a negative value
indicates a loss. Note that for comparison of expected travel times, we assumed that
participants should have chosen both alternatives at least once.
Expected and experienced savings were calculated using day-to-day route choice data from a
real-world driving experiment (Tawfik and Rakha, 2012b). This data and the data treatment
are further described in the next Section. Based on this data, combined with data from a posttask questionnaire, Tawfik and Rakha (Tawfik and Rakha, 2012b; 2012a) had already found
that: 1) perception were about 60% accurate and drivers’ perception of travel speeds were
more accurate than their perceptions of travel time; 2) the larger the difference between the
two alternative routes is (i.e. the more salient the signal), the more accurate are the driver
perceptions; 3) there are significant discrepancies between stochastic user equilibrium and
real-world route choices which can best be explained by travel time perceptions, travel time
reliability and small differences between the travel times of alternatives, and 4) Markov
process updating of experienced travel times was not different from the average-based
calculations which shows that the latest route experience was not dominant. It is important to
note that Tawfik and Rakha assessed driver experiences, perceptions and choices mainly on
an aggregate level and that their results to a large extend are based on data from the post-task
questionnaire. The analysis presented in this paper extends this work by studying the revealed
preference data in more detail and only using the route choice data.

11.3 Data Description
11.3.1 Setup route choice experiment
Data was collected through a real real-world route choice experiment in Blacksburg, Virginia
in the United States (Tawfik and Rakha, 2012b). A total of 20 participants were involved in
this study. Each participant was asked to complete 20 experimental runs over 20 days during
regular school week days of the academic spring semester of 2011. Experimental runs were
scheduled only during one of three traffic peak hours: morning (7-8 am), noon (12-1 pm), and
evening (5-6 pm). It should be noted that the 20 runs for a driver were done at the same time
each day. All participants were given the same five Google Map print outs, each map
representing one OD-pair and two alternative routes. For each experimental run, participants
were asked to drive a research vehicle and make these five OD-pairs assuming that the
provided alternative routes were the only routes available between the points of origin and
destination. The OD-pairs and the alternative routes were selected to ensure differences in the
five choice situations. All driver choices as well as the experienced travel conditions were
recorded via a GPS unit placed on board of the vehicle and a research escort that always
accompanied the participants. Participants were instructed to behave in the same manner they
behave in real life.
11.3.2 Route characteristics
Table 27 shows the properties of the 10 routes on the 5 OD-pairs. Travel time difference
denotes the average travel time difference between the two routes. Based on Monte Carlo
simulation by Tawfik and Rakha (2012), the probability of the odd route being shorter in time
and quicker in speed than the even route was determined. The OD-pairs can be characterised
as follows:
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OD-pair 1: both routes have almost equal travel times, but route 2 has a slightly higher
average speed.
OD-pair 2: route 3 is the shorter time route, but in terms of average speed route 4 is
clearly the better alternative.
OD-pair 3: route 5 outperforms route 6 in both travel time and average speed.
However, route 5 is a route with high traffic volumes.
OD-pair 4: route 8 is a little shorter in time and has a higher average speed. However,
route 8 passes through the school campus and there is risk being caught in campus
traffic.
OD-pair 5: route 10 is clearly the shorter time route while the average speed of both
routes is nearly equal.
Table 27: Route characteristics and choice

OD
Average Travel Time Probability Average Travel Probability
#
%
Route
pair
TT (min.) diff. (min.) TTodd<TTeven Speed (km/h) TSodd>TSeven choices choices
1
8.5
36.4
136
34%
0.1
1
48.3%
26.6%
1%
2
8.4
43.3
264
66%
3
15.2
42.6
254
63%
1.5
2
78.5%
0.1%
9-10%
4
16.7
63.2
146
37%
5
7.7
44.5
275
69%
1.6
3
85.4%
91.8%
17-21%
6
9.3
37.8
125
31%
7
10.2
29.5
75
19%
0.6
4
35.2%
0.2%
6%
8
9.6
48.2
325
81%
9
10.5
33.3
39
10%
2.5
5
5.0%
40.0%
24-31%
10
8.0
34.0
361
90%

Table 27 also shows the choices of the participants which reveal that routes 2, 3 and 5 but
specially routes 8 and 10 were the preferred routes. Overall, the choice data shows that in
74% of the cases the average shortest time route was chosen. However, between OD-pairs
there are some clear differences, e.g. 63% for OD-pair 2 and 90% for OD-pair 5. Especially
for some OD-pairs there is a considerable amount of choices that cannot be explained by
travel time alone. For a better understanding of these choices the next Sections will examine
the data in more detail.
11.3.3 Data treatment – expected and experienced savings
For each driver and each run the data provides the selected route and the experienced travel
time, as is illustrated in Figure 34. From this data it is easy to identify the runs in which a
driver switched from one route to the other (indicated by the black dots).
The average experienced travel time (i.e. expected travel time) was calculated after each run.
According to literature, there exist different ways drivers integrate past experiences. One
approach is to integrate past experienced cost according to a weighted average (e.g. Horowitz,
1984), for example by assigning equal weights to all past experiences or by assigning weights
through exponential smoothing (e.g. Mahmassani and Srinivasan, 1995). Under the myopic
adjustment rule, the perceived travel time is a function of the latest day’s outcome exclusively
(e.g. Mahmassani and Chang, 1986). The third approach considers perceived travel time as a
weighted average of the historically perceived travel time and the time provided by advanced
traveller information systems (e.g. Ben-Akiva et al., 1991). However, earlier work by Tawfik
and Rakha (2012a) on this data set showed that a Markov process updating of experienced
travel times was not different from the average-based calculations. For this reason expected
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travel times were calculated as a straight average over all past experienced travel times (see
Figure 34).

Figure 34: Example route choice data of 1 individual on 1 OD-pair
Note that the assumption that participants should have chosen both alternatives at least once
reduced the sample size from 2000 to 1293. This is mainly caused by participants who used
the same route for the entire 20 runs as is described in the next Section. The interquartile
range of expected savings is -0.46 – 1.69 minutes and a median of 0.53 minutes, while the
interquartile range of experienced savings is -0.70 – 2.00 minutes and a median of 0.70
minutes.
11.3.4 Limitations
First of all, since data was collected in normal driving conditions on public roads, the
experimenters had no control over the traffic conditions and actual travel times while the
experienced travel times were dependent on the subsequent choices of the participants. In
addition, run by run contextual data that might explain route choice behaviour was not
available. For these reasons, the choice situations as revealed in the data (e.g. the average
experienced travel times of two routes) were not uniformly balanced but naturalistic.
Secondly, perception data directly obtained from the participants is only available from the
pre-task and post-task questionnaires. That is, the data were obtained before and after the 20
runs and therefore are fairly aggregated. As run by run perception data is not available,
experienced travel times were used to calculate expected travel times. Note that assuming that
these represent the perception of the participants implies that perfectly rational perception is
assumed. This is ambiguous and in contrast with earlier statements on perception bias.
However, contrasting the experienced and expected travel times with the actual choices of the
participants allowed to evaluate the rationality of these choices. In reverse it allowed to derive
conclusions on the accuracy of ‘rational’ perceptions and as such perception thresholds.
Thirdly, nearly all participants indicated in the pre-task questionnaire that they were
moderate-to-very familiar with all choice alternatives. This implies that respondents already
had pre-knowledge about local traffic conditions, but not necessarily about the choice
situations. Findings on learning and choice patterns should be interpreted bearing this in mind.
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Finally, the five routes completed by the respondents were actually part of a trip chain.
Although the participants were thoroughly instructed to behave as naturalistic as possible, the
realism and importance of the factor of arrival time can be questioned.

11.4 Overall results
11.4.1 Behaviour types and switching
Based on the pattern of the route choice data as presented in Figure 34 (all 2000 samples) it is
possible to distinguish four Driver Behaviour Types (DBT) as first introduced by Tawfik and
Rakha (2012b). The four DBT and their frequency are shown in Figure 35: Stayers, Tryers,
Explorers and Switchers. New compared to the work of Tawfik and Rakha is the
disaggregation to the level of OD-pairs which offers additional valuable information.

OD1: 25%
OD2: 10%
OD3: 10%
OD4: 45%
OD5: 40%
Total:
26%

OD1: 15%
OD2: 45%
OD3: 55%
OD4: 30%
OD5: 30%
Total:
29%

Stayers: driver arbitrarily picks a route and uses
that same route for the entire 20 runs.

Explorers: driver has a clear preferred route but
tries the alternative route every now and then.

OD1: 55%
OD2: 35%
OD3: 20%
OD4: 10%
OD5: 25%
Total:
34%

OD1: 5%
OD2: 10%
OD3: 15%
OD4: 15%
OD5: 5%
Total:
10%

Tryers: driver tries both routes once or twice
and uses the preferred route for remaining runs.

Switchers: driver has no clear preferred route
and continuously switches between the routes.

Figure 35: Driver behaviour types
Note that some drivers behaved differently for different OD-pairs. For example, a driver could
be a Switcher for OD-pair 1, but a Stayer for OD-pair 4. Overall, a majority of the participants
had a clear preference for one of the routes and almost never switched (i.e. Stayers or Tryers).
These behaviours occur more on OD-pairs with distinct routes such as OD-pairs 4 and 5.
There are more Explorers on OD-pairs with routes that are similar, which is the case for ODpair 1. Lastly, Switchers are mostly observed on OD-pairs 3 and 4, which are cases in which
the shortest time route suffers from dense traffic conditions and unreliable travel times.
Now exploring route switching propensity, the data shows that participants on average
switched in 20% of the cases. The number of switches was slightly above average for ODpairs 1 and 2, and slightly below average on OD-pairs 4 and 5. Remarkably, for OD-pair 4
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this is in contrast to the relatively large share of Switchers which might be explained by the
risk being caught in campus traffic and the relatively large share of Stayers.
Figure 36 shows that the number of route switches decreased with the number of runs. Hence,
the number of switches in the first 10 runs is significantly higher than in the last 10 runs. This
shift from explorative choice behaviour to exploiting choice behaviour has been observed by
others (e.g. Senk, 2010) and is a sign of learning and convergence. Moreover, in an earlier
work, Tawfik and Rakha (2012a) showed that the percentage of participants choosing a route
seems to converge. However, they found that only on OD-pairs 3 and 5 these percentages
converged in line with the stochastic user equilibrium expectations. Again this shows that a
simple model using travel time alone does not explain the data.

Figure 36: Evolution of route switching
11.4.2 Choice strategies
In a normal route choice situation it is usually assumed that drivers compare the expected
travel time of the available choice alternatives. Alternatively, in case of satisficing or inertia it
is assumed that the driver only compares the last experienced travel time of the current choice
with the expected travel time of that choice. Based on the available choice data we will
evaluate both perspectives by calculating the expected saving and experienced saving
respectively. Considering that these savings are either a gain or a loss, and the decision of the
driver is to switch routes or repeat the current choice, four choice strategies can be
distinguished:
- Choice strategy 1 (CS1): Gain and stay – the current choice performs better than
expected and/or better than the choice alternative. The driver repeats the current
choice at t+1. This behaviour resembles travel time minimizing behaviour.
- Choice strategy 2 (CS2): Loss and stay – the current choice performs worse than
expected and/or worse than the choice alternative. Yet, the driver repeats the current
choice at t+1. This behaviour inertial behaviour.
- Choice strategy 3 (CS3): Gain and switch – the current choice performs better than
expected and/or better than the choice alternative. Yet, the driver switches to the
choice alternative t+1. This behaviour resembles compromising behaviour, possibly
due to other factors than time.
- Choice strategy 4 (CS4): Loss and switch – the current choice performs worse than
expected and/or worse than the choice alternative. The driver switches to the choice
alternative at t+1. This behaviour resembles rational travel time minimizing
behaviour.
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Explanation based on Figure 34: from the perspective of expected savings (compare choice
alternatives), run 6 is an example of CS4 because gain was expected based on the average
experienced travel times after run 5. Conversely, run 13 is an example of CS3 as loss was
expected but the driver switched nonetheless. Run 11 is an example of CS2 and runs 16 to 20
are examples of CS1. From the perspective of experienced savings (compare current route),
run 6 is an example of CS3 because gain was experienced in the previous run, but the driver
switched. Run 9 is an example of CS2 because loss was experienced but the driver did not
switch. Finally, run 17 is an example of CS1 and run 10 is an example of CS4.

11.5 Results from the perspective of expected savings
11.5.1 Choice behaviour
To reiterate, expected savings are based on the average experienced travel times of a
participant on both routes. Table 28 gives an overview of the frequencies of the choice
strategies based on expected savings. The sum of CS1 and CS4 shows that the majority of the
choices were travel time minimising choices. Differences between OD-pairs and routes can
largely be explained by the average travel time differences between the routes alternatives.
For example, the correlation coefficients of CS1 and CS4 with the average travel time
difference between routes imply that larger differences in travel time increase the frequency
of these ‘rational’ strategies. This finding is intuitive. Similarly, the frequency of CS3
decreases when the travel time difference increases. Conversely, the frequency of CS2, i.e.
inertial choices cannot be explained by travel time as is indicated by the correlation
coefficient. Nevertheless, the data suggests that CS2 was highest for OD-pairs with small
travel time differences or when the non-shortest time route is competitive with another route
attribute like average speed (e.g. routes 2 and 4).
Table 28: Choice strategies by OD-pair based on expected savings
CS1
ODAvg.
Route TT
ΔTT Gain
Pair
Stay
1
8.5 0.1
7%
1
2
8.4 -0.1 33%
3
15.2 -1.5 38%
2
4
16.7 1.5
5%
5
7.7 -1.6 62%
3
6
9.3 1.6
0%
7
10.2 0.6
2%
4
8
9.6 -0.6 36%
9
10.5 2.5
0%
5
10
8.0 -2.5 74%
Total
51%
Correl. ΔTT
-0.92
DBT2: Tryers
66%
DBT3: Explorers
41%
DBT4: Switchers
27%

CS2

CS3

CS4

Loss Gain Loss
Stay Switch Switch
3%
9%
7%
26% 6%
9%
15% 9%
2%
20% 2% 10%
4% 10% 1%
11% 1% 11%
7%
4% 11%
26% 10% 4%
4%
1% 12%
1%
9%
1%
24% 12% 13%
0.10 -0.89 0.93
27% 3%
4%
22% 18% 19%
19% 27% 27%

On an aggregated level the data reveals that if gain was expected from repeating the current
choice (CS1+CS3: 63%), 81% of the participants made a rational choice and stayed at the
current choice while 19% decided to switch. In case loss was expected (CS2+CS4: 37%),
65% made an inertial choice by staying at the current choice while 35% switched. From a
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behavioural perspective, if participants did not switch (CS1+CS2: 75%) this can be explained
by the expected saving in 68% of the cases. Similarly, switching (CS3+CS4: 25%) was
‘rational’ in 52% of the cases. The relatively low frequency of switching and rational choices
suggest that the participants were switch-averse and not necessarily interested in pursuing
travel time gain, but more interested in avoiding the risk and travel time loss. As a result, a
considerable share of the choices cannot be explained by travel minimisation alone.
Table 28 also shows the frequency of the choice strategies for the driver behaviour types
Tryers, Explorers and Switchers. Note that Stayers lack the precondition of at least one
experience of both choice alternatives. The figures show that the frequency of rational choices
(i.e. CS1 and CS4) was highest for Tryers and lowest for Switchers. As Switchers switched
the most and Tryers switched the least, this implies that more switching was not necessarily
related to more expected gain. Moreover, for Switchers the frequencies of the choice
strategies are in the same range which underlines the random character of this Driver
Behaviour Type. Average travel times per driver behaviour type in Table 29 confirms that
Switchers performed the worst as their experienced travel times were largest, while Stayers
performed by far the best as their experienced travel times were smallest. The most logical
explanation for this finding is that the participants had prior knowledge of the choice
situations.
Table 29: Average travel times per driver behaviour type
Average TT
[95% conf. int.]
Stayers
Tryers
Explorers
Switchers

OD-pair
1
8.14
[0.24]
9.91
[0.39]
8.27
[0.20]
8.66
[0.50]

OD-pair
2
15.79
[0.27]
15.59
[0.23]
15.91
[0.28]
16.23
[0.37]

OD-pair
3
8.95
[0.40]
7.97
[0.16]
8.32
[0.24]
8.53
[0.29]

OD-pair
4
9.56
[0.15]
9.87
[0.19]
9.79
[0.38]
9.85
[0.26]

OD-pair
5
8.05
[0.16]
8.14
[0.19]
8.37
[0.30]
10.44
[0.52]

SUM
9.25
[0.10]
10.45
[0.10]
10.24
[0.12]
10.67
[0.16]

Next to the frequency of the four choice strategies we next examine how these evolve relative
to the expected saving in case of switching (see Figure 37). It clearly shows that with
increasing expected savings all behaviour becomes rational (i.e. CS1 and CS4). However, for
both gains and losses smaller than approximately 1.5 minutes there is no clear difference
between the saving intervals. This suggests that within this range all expected gains or losses
have a similar effect on choice behaviour. Presumably this indicates that drivers’ ability to
correctly judge situations that involve small travel time differences is limited which is in line
with literature. Moreover, inertial behaviour (CS2) occurs more with smaller gains.
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Figure 37: Frequency of choice strategies by expected saving (min.)
11.5.2 Probability of switching
To determine the switching probability, the number of switches was divided by the total
number of decisions, for each saving interval. The result is shown in Figure 38. The average
switching probability was 25% while the switching probability increases if the expected
saving decreases and/or becomes negative. This finding is intuitive. Notably, the 95%
confidence interval indicates that expected loss up to 2.5 minutes does not lead to significantly
more switching than average. This bandwidth is an indicator for the inertial threshold.
Another observation from the Figure is the asymmetry between expected gains and expected
losses which suggest that participants were more sensitive to expected loss when staying than
to expected gain when switching. This is in line with earlier findings and supported by
theories of loss aversion (e.g.Kahnemann and Tversky, 1979).

Figure 38: Switching probability by expected saving (min.)
Figure 38 also shows the switching probability for Stayers, Explorers and Switchers (Stayers
were excluded because they never switched). Note that the series for the Tryers reflects the
one-sample experiences of the choice alternative that these drivers had. It shows that if the
experienced saving on the choice alternative was a loss (i.e. the expected saving of switching
back a gain), the participants were increasingly likely to switch back. Explorers and Switchers
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were much more likely to switch in general as defined by their type. However, Explorers
show an intuitive pattern similar to the overall pattern, while the switching probability of
Switchers does not seem to reveal any particular pattern. Overall, the results so far suggest
that the choice strategies as applied by the participants were not necessarily bad, but could
perhaps be applied in a more effective manner.
Finally, we analyse the lost travel time resulting from inertial choices as an indicator for the
inertia threshold. Table 30 shows lost travel time statistics for each route for choice strategy 2
and cumulative statics for all choice strategies. The numbers represent the median and
maximum expected saving, e.g. loss in case of CS2, in minutes and in percent. The Table
shows that inertia thresholds up to 2.90 minutes and 33% of the average travel time occur.
The median values indicate thresholds up to 1.22 minutes and 13% of the actual travel time.
This order of magnitude is in line with figures reported in literature (e.g. Srinivasan and
Mahmassani, 1999; Mahmassani and Liu, 1999; Mahmassani and Chang, 1985). However,
there are considerable differences between OD-pairs and routes. Yet, there is no strong
relation between the thresholds and the average travel time or the average travel time
differences. This means that other factors, observed and non-observed, also affect thresholds.
An important implication from these findings is that no generalised threshold exists, either in
minutes or in percentage, but presumably that thresholds are dependent on the choice set and
on route characteristics. Finally, Table 31 shows that losses involved in CS4 were generally
larger than those of CS2. This suggests that larger loss induces more switching and that
switching requires a minimum expected gain in return. The latter is another sign of inertial
behaviour and thresholds and in line with literature.
Table 30: Lost travel time statistics expected saving
ODAvg.
Route
TT
Pair
1
8.5
2
8.4
3
15.2
2
4
16.7
5
7.7
3
6
9.3
7
10.2
4
8
9.6
9
10.5
5
10
8.0
CS2 (loss & stay)
CS1 (gain & stay)
CS4 (loss & switch)
CS3 (gain & switch)
1

CS2
CS2
Median Max. Median Max.
-0.46 -2.42
-5%
-28%
-0.44 -2.78
-5%
-33%
-0.69 -1.35
-5%
-9%
-0.99 -2.74
-6%
-16%
-0.05 -0.42
-1%
-5%
-1.22 -2.65 -13% -28%
-0.44 -0.77
-4%
-8%
-1.08 -2.90 -11% -30%
-0.95 -2.58
-9%
-25%
-0.78 -0.78 -10% -10%
-0.71 -1.94
-7%
-19%
0.81
3.29
8%
36%
-0.85 -2.56
-8%
-25%
0.90
2.91
10%
30%

11.6 Results from the perspective of experienced savings
11.6.1 Choice behaviour
To reiterate, experienced savings are based on the average experienced travel time of the
current route versus the last experienced travel time on that route. Table 31 gives an overview
of the frequency of the choice strategies based on experienced savings. It shows that the
frequency of CS2 (i.e. inertial behaviour) is higher for all OD-pairs compared to Table 28.
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This suggests that the participants were less responsive to experienced loss on the current
route as opposed to expected loss relative to the choice alternative.
The correlation coefficients indicate that the frequency of staying (i.e. CS1 and CS2)
increases when the average travel time difference becomes more negative. Consequently, the
frequency of these choice strategies is highest for shortest time routes. Compared to Table 28
the correlation coefficient for CS2 has a different sign and is statistically significant. The
opposite is true for CS3 and CS4. This is another indication that choices were more affected
by expected savings relative to the choice alternative than to experienced savings on to the
current route.
On an aggregated level the data reveals that if gain was experienced (CS1+CS3: 57%), 82%
of the participants made a rational choice and stayed at the current choice while 18% decided
to switch. In case of experienced loss (CS2+CS4: 44%), 82% of the participants made an
inertial choice by staying with the current choice while 18% switched. From a behavioural
perspective, if participants did not switch (CS1+CS2: 83%) this was an inertial choice in 44%
of the cases. Similarly, switching (CS3+CS4: 18%) cannot be explained by the experienced
saving in 56% of the cases). Table 31 also shows the frequency of the choice strategies for the
four driver behaviour types. The figures show that all Driver Behaviour Types apart from the
Switchers made more rational choices (i.e. CS1 and CS4) than other choices. Additionally, a
counter-intuitive finding is that it seems that participants were a little more likely to switch
after experiencing gain than after experiencing loss.
Table 31: Choice strategies by OD-pair based on experienced savings
CS1 CS2 CS3 CS4
ODAvg.
Route TT
ΔTT Gain Loss Gain Loss
Pair
Stay Stay Switch Switch
1
8.5 0.1 12%
9%
5%
7%
1
2
8.4 -0.1 34% 24% 4%
6%
3
15.2 -1.5 32% 23% 4%
6%
2
4
16.7 1.5 14% 12% 5%
4%
5
7.7 -1.6 33% 28% 4%
5%
3
6
9.3 1.6 14%
7%
5%
4%
7
10.2 0.6
7%
3%
3%
4%
4
8
9.6 -0.6 41% 34% 4%
4%
9
10.5 2.5
1%
1%
3%
3%
5
10
8.0 -2.5 46% 40% 2%
5%
Total
47% 36% 10% 8%
Correl. ΔTT
-0.87 -0.87 0.32 -0.43
DBT1: Stayers
54% 46%
n/a
n/a
DBT2: Tryers
54% 40% 4%
2%
DBT3: Explorers
40% 26% 18% 16%
DBT4: Switchers
24% 21% 30% 24%

Next to the frequency of the four choice strategies we next examine how these evolve relative
to the experienced saving (see Figure 37). It clearly shows that with increasing experienced
gains all behaviour eventually becomes rational (i.e. CS1). No particular pattern can be
observed for experienced loss which is a sign that factors other than the experienced loss led
to switching. Finally, the Figure shows that for losses up to 2 minutes there is no clear
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difference between the intervals. This is an indication of similar behaviour within this range
which might be explained by driver’ limited ability to correctly judge (or care about)
situations that involve small travel time differences. As a consequence, inertial behaviour
(CS2) occurs more with smaller gains.

Figure 39: Frequency of choice strategies by experienced saving (min.)
11.6.2 Probability of switching
To determine the switching probability, the number of switches was divided by the total
number of decision, for each saving interval. The result is shown in Figure 40. The average
switching probability was 20% but the Figure does not show a clear pattern in relation to the
experienced saving as most values are within the 95% confidence interval. The absence of a
clear pattern suggests that the experienced saving alone is not a major driver for route
switching. One explanation might be inertial behaviour, another that the experienced saving is
likely to be considered cojointly with the availability of choice alternatives and the expected
saving of these.

Figure 40: Switching probability by experienced saving (min.)
Figure 40 also shows the switching probability for Tryers, Explorers and Switchers (Stayers
were excluded because they never switched). Again it is difficult to derive a pattern although
Explorers seem increasingly likely to switch with larger losses.

152

The Dynamics of User Perception, Decision Making and Route Choice

Table 32: Lost travel time statistics experienced saving
ODRoute Avg.TT
Pair

CS2
CS2
Median Max. Median Max.
1
8.5
-0.97 -3.20 -11% -38%
1
2
8.4
-0.76 -3.72
-9%
-44%
3
15.2
-0.67 -2.75
-4%
-18%
2
4
16.7
-0.62 -3.51
-4%
-21%
5
7.7
-0.56 -2.25
-7%
-29%
3
6
9.3
-0.51 -3.02
-5%
-32%
7
10.2
-0.80 -2.87
-8%
-28%
4
8
9.6
-0.70 -3.58
-7%
-37%
9
10.5
-0.21 -0.77
-2%
-7%
5
10
8.0
-0.59 -3.77
-7%
-47%
CS2 (loss & stay)
-0.64 -3.77
-7%
-30%
CS1 (gain & stay)
0.73
2.78
8%
32%
CS4 (loss & switch)
-0.78 -4.52
-8%
-29%
CS3 (gain & switch)
0.82
4.13
9%
30%

Finally, we analyse the lost travel time resulting from inertial choices as an indicator for the
inertia threshold. Table 32 shows lost travel time statistics for each route for choice strategy 2
and cumulative statics for all choice strategies. The figures represent the median and
maximum experienced saving, e.g. loss in case of CS2, in minutes and in percent. The Table
shows that inertia thresholds up to 3.77 minutes and 47% of the average travel time occur.
The median values indicate thresholds up to 0.97 minutes and 11% of the average travel time.
Compared to Table 30 the thresholds seem more systematic and repetitive although difference
between OD-pairs and routes remain. Generally, thresholds for shortest time routes appear to
be larger but this becomes less apparent when other factors than time are at play which is the
case for OD-pair 2 and 3. To confirm an earlier finding; values for thresholds cannot be
generalised as the data suggests that they are dependent on the choice set and on the route
characteristics.

11.7 Conclusion
11.7.1 Approach
This paper presented the results of a data analysis based on route choice data from a realworld driving experiment. The objective of the analysis was to observe the frequency of
different choice strategies, examine route switching behaviour and inertial choices in
particular, and to estimate inertia thresholds. For the analysis, average experienced travel
times and expected travel times were used to calculate expected savings relative to choice
alternatives and experienced savings on the current route.
11.7.2 Main findings
With regards to the research questions that were defined in the beginning of this paper the
main findings are the following: (1) on average about 1/4th of the choices concerned inertial
behaviour as based on expected savings. When two alternatives have similar travel times or
when non-travel time attributes are dominant, the amount of inertial choices increases. Based
on experienced savings, a little more than one-third of the choices concerned inertial
behaviour on average. Compared to results from expected savings this suggests that the
participants were less responsive to experienced loss on the current route as opposed to
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expected loss relative to the choice alternative; (2) for expected savings and based on lost
travel time for routes with an average travel time of 8 to 16 minutes, inertia thresholds up to
2.90 minutes or 33% of the average actual travel time and a median of 1.22 minutes or 13% of
the average actual travel time were found. For experienced savings, inertia thresholds up to
3.77 minutes or 47% of the average actual travel time and a median of 0.97 minutes or 11% of
the average actual travel time were found. As differences between routes were considerable, it
appears that the behavioural principles are general and systematic, but that the magnitude is
probabilistic and dependent on the choice set; (3) as loss related to switching was on average
larger than loss related to repeating the current choice, switching seems to require a minimum
expected loss. This is another sign of inertial behaviour and thresholds; (4) for expected and
experienced loss up to 1.5-2 minutes there was no clear difference in the frequency of choice
strategies. This might be explained by driver’ limited ability to correctly judge (or care about)
situations that involve small travel time differences; (5) four driver behaviour types and four
choice strategies were distinguished showing that the majority of participants hardly ever
switched to adopt a travel time minimising strategy. Nonetheless, for a considerable share of
choices a simple model using travel time alone does not explain the data; (6) additionally, it
was found that the travel time difference between alternatives, average travel speed and travel
time reliability influence choice strategies next to travel time, and (7) asymmetry between
gains and losses was found in several ways. In general it appeared that respondents were lossaverse rather than gain-seeking, which made them switch-averse.
11.7.3 Future research
Several improvements can be made to the research presented in this paper: (1) switching
thresholds were defined as a fixed value while in reality it is likely that they are subject to
successive good and/or bad experiences. A moving average as proposed by Van Berkum and
Van der Mede (1993) might better capture drivers’ sensitivity based on not only the current or
last situation but also other recent ones; (2) as suggested by findings on switching probability,
it is expected that inertia thresholds are different for choice situation and different driver
behaviour types. Additionally, experienced travel times are not only the result of choices but
also of stochasticity in the traffic system. To better understand the probabilistic nature of
inertia thresholds these relations should be further explored; (3) it is worth to further explore
the effects of the asymmetry between gains and losses and define a framework that integrates
theories of loss aversion, indifference bands and driver heterogeneity in relation to switching
probability; (4) traffic information is expected to affect drivers’ perception and route choice
behaviour. Therefore it is relevant to study how the presence of advanced traffic information
systems affect the findings presented in this paper, and (5) lastly it is appropriate to estimate a
model based on the results presented in this paper that better matches the data than a simple
model that is based on travel time alone does (e.g. Zhang, 2006; Carrion, 2013; Van Essen et
al., 2014). At the same time, expected savings relative to choice alternative and experienced
savings on the current routes, and their effect on choice behaviour should be examined
simultaneously as in the mind of the driver they are probably not independent from one
another either.
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12. Effective traffic management based on bounded
rationality and indifference bands

This Chapter has also been published in: Vreeswijk, J., Bie, J., Van Berkum, E. and Van
Arem, B., 2013. Effective traffic management based on bounded rationality and indifference
bands. IET Intelligent Transport Systems, vol.7, no.3, pp.265-274. doi: 10.1049/ietits.2011.0188.

12.1 Abstract
Constrained cognitive abilities cause imperfections in drivers’ choice behaviour and appear
largely systematic and predictable. This paper introduces the concept of ‘effective control
space’ to build upon this knowledge as an opportunity to increase the effectiveness of
Dynamic Traffic Management (DTM). Within the control space boundaries it is assumed that
drivers do not act upon the effects of DTM measures, they behave as being indifferent to
them. This paper debates that: (1) drivers’ ability to detect changes in attributes of their trip or
the performance of a traffic system is limited, (2) drivers make mistakes in estimating the
value of such changes, and (3) drivers apply a great diversity of choice patterns but do not
necessarily adapt their choice. Hence, for some DTM measures to be effective, changes
should not exceed the control space boundaries, while other DTM measures need to give
drivers an incentive that exceeds these boundaries. Knowledge of the effective control space
may support road authorities to implement their measures with greater effectiveness. With the
theories of indifference bands and decision-making as starting point a theoretical and
conceptual framework is provided, supported by a numerical example to demonstrate how
application can steer a system towards its optimal state.

12.2 Introduction
The effectiveness of Intelligent Transport Systems (ITS) and Dynamic Traffic Management
(DTM) in particular is largely dependent on drivers’ response to the system’s effects
(Vreeswijk et al., 2010). Much research has been devoted to choice modelling, driver
compliance and the influence of information, for reviews see (Prato, 2009; Bonsall, 1992;
Chorus et al., 2009; Chorus et al., 2006b; Han et al., 2007). In this paper we take a
fundamentally different approach. We aim to structure behavioural factors relevant for
drivers’ response in a general framework and converge to a new control variable for DTM.
While it appears that most research focussed on intrinsic choice behaviour (i.e. elementary
route choice based on the characteristics of multiple choice alternatives), we examine drivers’
response when the characteristics of the choice alternatives (slightly) change due to DTM.
157
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Moreover, we assume that drivers do not receive any information, therefore act on their
senses and own experiences alone. Additionally, as it seems that the final station of the
majority of research is some form of modelling, we choose a more practice-oriented
perspective and study the implications of drivers’ response for the design of DTM. Whenever
we refer to DTM we refer to systems that influence the network performance in terms of
travel times, delay times, traffic density, average speed, etc. such as route guidance and traffic
lights. With driver response we mean second order effects that result in changes in route
choice (e.g. rat run), departure time, mode choice, driving behaviour (e.g. red light violation),
etc. Note that first order changes are the intrinsic responses that cause the effect on the
network in reaction to the measure itself.
One important topic in traffic modelling is the predictability of choice behaviour and
behavioural response. Traffic models combine demand (i.e. drivers’ trips and travel choice
behaviour) and supply (i.e. infrastructure and DTM) and determine the performance of the
transport system by means of traffic assignment (Ortuzar and Willumsen, 1994). It seems that
often these models assume a fixed supply and an elastic demand which reacts to changes in
the system performance. However, to include driver response the question is; how does
demand alter when DTM changes supply? Many assumptions in conventional traffic
modelling have been derived from standard economics, for example that drivers are rational
decision makers and above all perfectly informed about the available choice alternatives
(Avineri and Prashker, 2004; Srinivasan and Mahmassani, 1999). Moreover, that they can
calculate the value of the different options available, that they are able to derive the optimal
choice, and that they are cognitively unhindered in weighting the implications of each
potential choice. In other words, people presumably make logical and sensible decisions and
quickly adopt their choice in response to changing conditions.
These are debatable assumptions. In reality, people have limited knowledge and constrained
cognitive abilities leading to prejudiced reasoning and certain randomness in behaviour and
choice outcomes (Avineri and Prashker, 2004; Chorus and Timmermans, 2009). It is not just
the behaviour (i.e. choice outcome) that is of interest, but also the decision-making process
behind such behaviour. Behavioural economics draw on the (cognitive) aspects of both
psychology and economics, and studies the motives and behaviours that explain deviations
from rational behaviour (Ariely, 2009; Avineri, 2010). This perspective of individual
decision-making is known as bounded rationality or satisficing behaviour (Simon, 1955;
1982), and also found its way into transport research (e.g. Mahmassani and Chang, 1987;
Chang and Mahmassani, 1989; Jayakrishnan et al., 1994). Another recently adopted theory
derived from behavioural economics and relevant in the context of this paper is prospect
theory. It is based on the principle that decisions are context-dependent and alternatives are
framed in terms of gains and losses relative to some common reference point, while losses
weigh much more than gains of equivalent size (Kahnemann and Tversky, 1979; Bonsall,
2004; Avineri and Bovy, 2008). Although in some cases, like random utility theory
modelling, a random variable or error term is considered to somehow weaken the assumptions
of perfect rationality, many models fall short in explicitly considering the predictable
imperfections in drivers’ choice behaviour. The development of better descriptive models of
choice behaviour and empirical validation of theories derived from behavioural economics is
on-going (Chorus and Timmermans, 2009; Avineri, 2010; Vreeswijk et al., 2011). The aim of
this paper is to structure already available evidence and make inferences of possible
application for DTM. Several of the aforementioned references provide examples of models
incorporating boundedly rational behaviour.
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The next Section introduces the general framework, followed by an overview of the
theoretical background based on a review of the literature. Next, a numerical example is
presented to illustrate the principle of effective control space and its benefits. The last Section
of this paper concludes and presents planned future research.

12.3 Theoretical framework
A used and validated bounded rationality mechanism is the notion of indifference bands. That
is, drivers will only alter their choice when a change in the transport system or their trip, for
example the travel time, is larger than some individual-situation-specific threshold (Chorus
and Timmermans, 2009; Srinivasan and Mahmassani, 1999; Chang and Mahmassani, 1988;
Mahmassani and Liu, 1999; Jou et al., 2005). To speak in earlier terms; demand is inelastic to
supply-changes up to a certain threshold. There are many factors associated with bounded
rationality which explain why a change in network performance does not necessarily lead to a
behavioural response. For example: due to the formation of habits a driver is not alert to
changes, a driver may be unaware of a change if the change is small or not within the driver’s
periphery, drivers may be disinterested in a change if they regard it insignificant, or there is
simply a lack of (knowledge of) alternatives.
Example (used figures are imaginary): at a controlled intersection, increases in waiting time
up to 5 seconds may largely go unnoticed and hardly invoke a response. Presumably, this is
because drivers are unable to notice the change. Increases between 5 and 10 seconds are
more likely to be detected by drivers, but still may invoke little response. Presumably, this is
because the change is not important enough relative to the drivers’ reference point and
alternatives. However, when increases in waiting time are larger than 10 seconds (exceeds
the indifference band threshold), they may increasingly invoke substantial responses.
Presumably, this is because drivers do detect such changes and find them disturbing enough
to favour alternatives. The same example can be applied to cases of travel time, arrival time,
level of service, etc.
From this simple example it becomes immediately clear that basic knowledge is needed of
many factors to determine the indifference band for a specific situation. Such as, how drivers
cognitively and affectively experience (waiting/travel) time, how accurately drivers are able
to estimate time intervals, drivers ability to detect changes and value them correctly, the
existence of alternatives and drivers’ awareness of these alternatives.
We believe that the indifference band is a great opportunity for DTM as it provides road
operators with certain freedom to move the performance of their network towards a state that
minimises the total travel time in the network. In particular as multiple studies provide
evidence that these boundedly rational behaviours are neither random nor senseless; they are
systematic, consistent, repetitive, and therefore predictable (Avineri and Prashker, 2004;
Ariely, 2009; Tversky and Kahnemann, 1992). Although network-favoured measures do not
necessarily improve the situation of all drivers, undesirable and disproportionate behavioural
response of drivers whose situation declines is limited or even absent, as long as the
indifference band is respected. Hence the feasible region of DTM expands compared to the
case of perfect rationality; DTM becomes more effective and the network performance
benefits. In addition, the indifference band also indicates the minimum required effect of
DTM to ensure driver response and likewise increase the effectiveness of the measure.
In the remainder of this paper we will refer to this region that provides extra opportunity to
DTM as ‘effective control space’. In the example given earlier, the indifference band was 10
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seconds, while several of the aforementioned studies suggested indifference bands for the
travel time of a route in the order of 5-10 minutes. However, it is easy to recognise that such
figures strongly depend on the context. To our best knowledge no research has been done that
systematically describes the relations and weights of the factors underlying and cumulatively
contributing to the indifference band phenomenon.
A summary and visualisation of the general framework of the effective control space
philosophy is shown in Figure 41. It is important to distinguish that this Figure is descriptive
and not conclusively scaled based on quantitative data. Further, the Figure is not restricted to
one specific context and DTM measure. On the horizontal axis is the time-effect of a DTM,
such as a change in waiting time or travel time expressed in gains or losses. The vertical axis
represents the value judgement of drivers ranging from positive to negative. The value
function is taken from prospect theory (Kahnemann and Tversky, 1979). In the context of
difference bands this function describes the two-sided driver response probability subject to
the time-effect, reference point and asymmetry of gains versus losses. The reference point is
marked by the dot in the centre of the Figure. Evidence from time psychology research (Van
Hagen, 2011) adds to this framework that time feels as moving faster with gains and positive
value judgments, and slower with losses and negative value judgments.

Figure 41: Theoretical framework of effective control space
Similar to prospect theory we assume that drivers are more likely to notice and respond to
changes involving losses than changes involving gains, while the effect of additional gains or
losses decreases. For example, waits at traffic lights which increase by 10 seconds have a
higher impact than waits which decrease by 10 seconds. In addition, the marginal impact of
the 10th second is larger than the marginal impact of the 11th second. Hence, the effective
control space is asymmetrical too as indicated by the vertical dashed lines. Control space
indicates an area where we expect the road user or a situation to be controllable. As it appears
that DTM does not affect, or only marginally affects behaviour in the control space, the
system performance might increase. An example to illustrate this will be provided later.
Effective control space typically applies to day-to-day scenarios as it is strongly related to
between-day decision making. Generally the experiences of the previous day and the current
day are known to be dominant determinants for decision making of the next day (Bogers et
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al., 2005). Moreover, when a driver notices a time-effect of DTM larger than the effective
control space, then it is assumed likely that the next day this driver responds in one way or
another. Though, this is only relevant if the driver regards the change a loss. Where gains are
concerned it only makes sense for a driver to adapt their behaviour if, as a result of that gain,
an alternative has become more attractive. How drivers can become aware of improvements
of non-chosen alternatives is another topic (Chorus and Timmermans, 2009) and outside the
scope of this paper. Finally, due to the stochastic variability of the traffic system a driver may
not notice a change instantly, but requires several days to do so. If the network topology
allows, only in rare cases drivers will be able to adjust their behaviour, for example their
route, within a day. Empirical evidence is needed for validation and quantification of this
framework, which is briefly discussed in the final Section of this paper.

12.4 Theoretical background
Choice behaviour of drivers is very similar to consumer decision making. Buying a product
involves five consecutive stages: (1) need or problem recognition, (2) information search, (3)
evaluation of alternatives, (4) selection or decision, and (5) post decision behavior
(Govindarajan, 2007; Newell et al., 2007). By combining 1 and 2 to ‘awareness’ and 4 and 5
to ‘decision’, a simplified three-stage sequence is the basis of the conceptual framework in
Figure 42. For reasons of comprehensivenss and readability, notable factors like attitude,
learning, perception, expectation, motivation, information and personality have been left out.
Their influence is briefly discussed in the following sub-Sections and in more detail in
literature in relation to conceptual frameworks on specific themes (e.g. Bogers et al., 2005;
Gärling et al., 2002; Ajzen, 1991; Ben-Akiva et al., 1991).

Figure 42: Conceptual framework for effective control space
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In each of three decision making stages different psychological factors are at play which
together accumulate to the indifference band discussion in the previous Sections. An
indicative example of this philosophy is shown in Figure 43. It is important to note that these
factors are situation specific and therefore may vary from case to case. As such, any
indifference band can be composed out of a different combination and weighing of factors. It
is not the aim of this paper to identify all possible scenarios, but to provide a general
framework that systematically captures factors and to allow practisioners to derive
commonalities from scenarios that are relevant to them. It are these commonalities, i.e.
constant contributors to the indifference band, that define effective control space. The
following three Sections give an overview of factors related to awareness, evaluation and
decision. Section 4 presents a numerical example to illustrate the implications that effective
control space poses towards DTM and what opportunities this may offer.

Figure 43: Illustration of separate factors accumulating of indifference
towards effective control space
12.4.1 Awareness
Research on the impact of learning shows that the awareness among drivers of changes in the
transport system is limited and grows over time as a result of direct experience and indirect
learning (Chorus and Timmermans, 2009). A change could involve an improvement or
degradation in the current route or an existing alternative, or the introduction of a new
alternative. It concerns for example the waiting time at traffic lights, the average speed or the
travel time. In general, the larger, the more predictable, the more important and the more
negative a change, the sooner a driver is expected to notice the change (Chorus and
Timmermans, 2009; Tawfik et al., 2010b).
Several surveys showed that drivers’ estimates of waiting times at traffic lights, on average,
are fairly accurate, but widely variable, as are their perceptions (Pecheux et al., 2000b; Van
der Bijl et al., 2011). When a change is within the natural variation of a traffic situation with
respect to an average, it seems unlikely that drivers are capable of detecting the change at all.
For example, the waiting time at a traffic light with average 30 seconds and variation 15
seconds, means that measures shifting the average within the range of 15 to 45 seconds are
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hardly distinguishable from the natural variation. Similar findings were found in studies on
user perceived level of services at signalised intersections and motorways. These studies
showed that drivers are unable to perceive fine differences and only distinguish two or three
levels of service rather than the six provided by the Highway Capacity Manual (Pecheux et
al., 2000a; Choocharukul et al., 2004). Notably, this suggests that drivers’ quality perception
is nearly binary with only the level ‘good’ and ‘not good’.
Derived from cognitive sciences, change blindness is the inability to detect and report changes
to objects from one instant to the next that are obvious once pointed out (Martens, 2011).
Experiments have shown that respondents are surprisingly bad at detecting even large
changes, sometimes leading to change blindness in 88.5% of all cases. Change blindness
increases when the changed item is not relevant for the task, when the magnitude of the
change decreases, and when the change is further outside the visual periphery (Martens,
2011).
12.4.2 Evaluation
When drivers have been able to detect a change, the central question in the evaluation state is
whether they value it properly or not? In a rational way, people have little feeling of how
much things are worth. They focus on the relative advantage of one thing over another rather
than the absolute difference, compare them locally to the available alternative, and estimate
value accordingly (Ariely, 2009).
Different studies confirm that the decisions and actions of drivers do not always correspond
with their (perceived) observations. In one study only 12% of the drivers were able to
correctly perceive their experienced travel times, and reversely, 12% perceived the opposite
of their experience (Tawfik et al., 2010b). Similar and even larger figures were found with
varying traffic volume and timing of traffic lights (Vreeswijk et al., 2011). This led to three
types of behaviour: (1) logical behaviour that reflects drivers choosing better perceived routes
(perceive route A better and choose route A); (2) cognitive behaviour reflecting drivers
choosing a route in spite of not perceiving a difference between both routes, presumably to
reduce mental working load (perceive no different, choose any route), and (3) irrational
behaviour that reflects drivers choosing worse perceived routes (perceive route A better and
choose route B). For the last type, cognitive scientists use the term ‘choice blindness’ to
explain such failures to detect mismatches between intention and outcome of a simple task
(Johansson et al., 2006). Most surprisingly, in a choice blindness paradigm, respondents are
still able to offer arguments why their choice was the most logical. An notable insight on this
aspect is that drivers are better in perceiving travel speeds than travel times; perceived travel
speeds seem to influence choice outcomes more than perceived travel time (Tawfik et al.,
2010b).
Previous experiences are known to serve as an anchor in the memory of drivers and strongly
affect choice behaviour, in particular when bad experiences are involved (Ariely, 2009;
Avineri and Bovy, 2008). Loss aversion refers to the fact that people treat gains and losses
differently as they tend to be more sensitive to decreases in wealth than increases, while
people become less sensitive for every marginal gain or loss (Kahnemann and Tversky, 1979;
Tversky and Kahnemann, 1992). In general, bad experiences involving loss, weigh two times
greater to a similar size good experience involving a gain (Avineri, 2010). Figuratively, good
experiences create a certain ‘acceptability-buffer’, which may be emptied again by far less
bad experiences (e.g. unacceptable DTM measures). In the mind of the driver the reference
point determines to a large extent on how things are valued. Earlier research concluded that
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the perception of the reference point in the mind of the driver is vague and fuzzy rather than
crisp; they may not necessarily consider their actual experience to be the reference point
(Avineri and Bovy, 2008).
To value a choice option or a change in any of its attributes, the option and/or its attributes
need to be within the area of interest of an individual. As a result of driver’s bounded
rationality there are multiple factors which narrow this area of interest and make drivers
appear indifferent concerning the evaluation of alternatives. For example habitual behaviour,
which evolves in trips that are often repeated and causes cognitive processes to reach
automaticity and eventually result in making choices in a more or less mindless fashion
(Chorus and Timmermans, 2009; Tawfik et al., 2010a). Additionally, drivers tend to be nearsighted which means that experiences of the previous day as well as short-term gains
dominate choice processes (Bogers et al., 2005). Satisfying behaviour, stating that people are
happy with a good solution instead of finding the best solution, is regarded as another major
cause for drivers’ indifference (Bogers et al., 2005; Chorus and Timmermans, 2009). It means
that humans tend to minimise their cognitive efforts, and follow simple heuristics to reach
decisions which are both satisfactory and sufficient, especially under uncertainty and time
constraints (Srinivasan and Mahmassani, 1999; Tawfik et al., 2010b). Empirical research on
the indifference band showed that drivers may be uninterested in other choice options until
their current situation worsens by 22% (e.g. extra travel time), or a choice alternative
improves by 22% (Srinivasan and Mahmassani, 1999).
12.4.3 Decision
Changes in traffic conditions may be observed and correctly valued or not, but do they
provide sufficient motive to affect the decision outcome? Generally, studies on decision
behaviour focus on decision outcomes, apart from a few exceptions which shifted interest to
the analysis of underlying cognitive mechanisms. Such studies for example showed that
drivers think much more strategically than usually presumed (Senk, 2010; Razo and Gao,
2010). Based on the analysis of verbal reports, at least four decision strategies can be
considered: the comparison strategy, the exploitation strategy, the exploration strategy and the
anticipation strategy (Senk, 2010). The great diversity in applied strategies proves that a
certain level of awareness and acceptance of changes affect choice decisions. Another study
showed that route switching occurs more frequently when the traffic conditions fluctuate
randomly than when they are stable (Srinivasan and Mahmassani, 1999). This type of
behaviour is largely influenced by risk attitude (i.e. risk aversion and risk seeking), which
determines the amount of risk somebody is willing to take. Many factors such as travel
purpose, length of the trip and preferred arrival time have a big impact on a driver’s risk
attitude and choice outcomes (e.g. Bogers et al., 2005). In terms of choice outcomes, roughly
four route choice patterns can be distinguished: fixed choice, single trial, preferred switching
and random switching (Tawfik et al., 2010a).

12.5 Numerical example
This Section illustrates by means of a numerical example the principles of effective control
space and its implications for DTM and the resulting system performance. The objective of
applying the effective control space framework is to move away from user equilibrium (UE)
state and thereby improve system performance. Through identification of indifference bands
the resulting effective control space will be determined. It is important to note that the
purpose of the examples is illustrative and therefore simplified. They are based on the
assumption that the indifference bands are constant and known, while the decision of a driver
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against a change is taken as a one-off process. Follow-up research should bring finer details to
further improve the framework, suggestions are given in Section 12.6.
C

R1
R3
A

B

D
R2

Figure 44: A two-OD network with three routes
Consider a network as shown in Figure 44. There are two Origin-Destination (OD) pairs: A-B
and C-D, with fixed demands of 2000 and 1000 vehicles per hour, respectively. Two routes
exist from A to B: a north route (R1) and a south route (R2). From C to D there is only one
route (R3). R1 and R3 intersect at a signalised intersection. The traffic signal has a cycle
length of C, with an effective green time of g for R1 and an effective green time C-g of for R3
(thus assuming no lost time due to all-red time). Route travel times consist of link travel times
and intersection delays. BPR function is adopted for link travel times, with the form
β

 f  
tt= 1 + α    T ,
 F  


(1)

where tt is the actual link travel time, f is the actual link flow, F is the link capacity, T is
the free flow travel time, α and β are coefficients. Delays at the intersection are assumed to
follow the function (note here that this delay function follows the Webster formula; the
formula may not apply in practice when the saturation level is high)
delay =

(1 − λ ) 2
C,
2(1 − ρ )

(2)

where the average delay for a movement, delay , is dependent on its effective green ratio λ
and the flow saturation rate ρ . As a result, the route travel times are given as
β

 f  
(1 − g / C ) 2
1 + α  1   T1 +
t1 =
C;
2(1 − f1 / F1 )

 F1  

(3)

β

 2000 − f1  
t2= 1 + α 
  T2 ;
F2


 

(4)

β

 1000  
( g / C )2
1 + α 
t3 =
C.
  T3 +
2(1 − 1000 / F3 )

 F3  

(5)
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Consider the case where α = 0.15 , β = 4 , T1 = 5 min , T2 = 6 min , T3 = 5 min , C = 60 sec , and
F=
F=
F3 = 1800 . The traffic system then has two degrees of freedom:
1
2
- g (sec): determined by the traffic network manager;
- f1: determined by the behaviour of the drivers.
The state of the traffic system can then be represented by these two variables, ( g , f1 ) .
12.5.1 System optimal and user equilibrium
Different settings of ( g , f1 ) result in different system performances. On one hand, DTM aims
to reduce the system travel time, T, as much as possible, by changing the signal setting g. On
the other hand, the drivers want to reduce their own travel time, by switching route and thus
changing f1, through which process t1 − t2 will become as small as possible. The system travel
time is computed as
T ( g , f1 ) =f1t1 + (2000 − f1 )t2 + 1000t3

(6)

The system optimal (SO) is achieved when the system travel time is minimised, through
changing the signal setting and the route choice. This is given by the following programme:
(7)

min f1 , g T

0 ≤ f1 ≤ 1800,
s.t. 
0 ≤ g ≤ 1.

The solution of system optimal lies at ( g , f1 ) = (34.556,1133) (Table 33). Other combinations of
( g , f1 ) will have larger system travel times. This is illustrated by the contour chart in Figure
45. Note here that in reality the SO scenario is unlikely to occur, because drivers’ actual route
choices are not based on the SO principles.
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Table 33: Scenarios of system variables and performance measurements
Scenarios
SO
UE under SO design (g = 35
sec)
Scenario 1A: if we increase g
by a few seconds without
drivers reacting to the change,
the system is better off.
Scenario 1B: if we increase g
by a few seconds and drivers
react by switching route (to
UE condition), the system is
worse off.
Scenario 2A: if we decrease g
by a few seconds without
drivers reacting to the change,
the system is worse off.
Scenario 2B: if we decrease g
by a few seconds and drivers
react by switching route (to
UE condition), the system is
better off.

System variables
g (sec)
f1
34.556
1133

System performance
T (min)
│t1-t2│ (sec)
16762
41

35

1540

17460

0

36 (+1)
37 (+2)
38 (+3)
39 (+4)
40 (+5)
36 (+1)
37 (+2)
38 (+3)
39 (+4)
40 (+5)
34 (-1)
33 (-2)
32 (-3)
31 (-4)
30 (-5)
34 (-1)
33 (-2)
32 (-3)
31 (-4)
30 (-5)

1540
1540
1540
1540
1540
1554 (+14)
1568 (+28)
1582 (+42)
1596 (+56)
1609 (+69)
1540
1540
1540
1540
1540
1526 (-14)
1512 (-28)
1497 (-43)
1482 (-58)
1467 (-73)

17410 (-50)
17363 (-97)
17320 (-140)
17280 (-180)
17244 (-216)
17481 (+21)
17503 (+43)
17528 (+68)
17554 (+94)
17576 (+116)
17514 (+54)
17572 (+112)
17633 (+173)
17698 (+238)
17766 (+306)
17441 (-19)
17424 (-36)
17403 (-57)
17384 (-76)
17366 (-94)

2.9
5.6
8.2
10.7
13.0
0
0
0
0
0
2.9
5.9
9.1
12.4
15.8
0
0
0
0
0

User equilibrium (UE) occurs when t1 = t2 , i.e. the travel times on R1 and R2 are equal. The
gap function, defined as
H ( g , f1 =
) t1 − t2

(6)

describes how far away a system state is from the equilibrium condition. It is easy to see that
H ( g , f1 ) = 0 if and only if ( g , f1 ) is a UE state. The SO solution ( g , f1 ) = (34.556,1133) is not UE
because it has a t1 − t2 of 41 sec (Table 33). Given the signal design of g=35 sec, the UE
condition is achieved at ( g , f1 ) = (35,1540) (Table 33). Under other signal designs, the UE
solution will change accordingly. The contour chart in Figure 46 illustrates the location of
different combinations of ( g , f1 ) that fulfil the UE condition. They are located within the thin
stripe that characterises the curve H ( g , f1 ) ≤ 2 sec , which is surrounded by two other stripes
characterizing 2 ≤ H ( g , f1 ) ≤ 4 .
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Figure 45: Contour plot of T-T(SO) (min), i.e. the system travel time T minus the system
travel time at SO, T(SO). The log-scale of base 2 is chosen for better visual presentation
of the wide range of T-T(SO)

Figure 46: Contour plot of travel time differences between R1 and R2, |t1-t2| (sec). The
log-scale of base 2 is chosen here for a better visual presentation
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12.5.2 Scenarios of network changes and behavioural responses
Consider the current scenario of the traffic network at ( g , f1 ) = (35,1540) (a UE state). This
situation is not optimal for the system. From a DTM’s point of view, the signal setting may be
changed to improve the system performance. There are two ways: either to increase g
(Scenario 1), or to decrease g (Scenario 2). Drivers’ response to this change falls into two
categories: either they do not react to the change and keep with their original route choice
(Scenario A), or they react by switching route and therefore settle down with the new UE
solution (Scenario B). Four combinations of these scenarios, as well as their potential
outcome on the system performances are shown in Table 33, with a schematic summary in
Table 34.
Table 34: Scenarios of management measures/changes and their outcome
Scenario
1A
1B
2A
2B

Change
Increase g
Increase g
Decrease g
Decrease g

Driver response
No reaction
Route switching
No reaction
Route switching

System travel time
Decrease
Increase
Increase
Decrease

UE condition?
No longer UE
New UE
No longer UE
New UE

12.5.3 Indifference to changes in network
In Scenarios 1A and 2A, drivers do not perceive the changes and stay on their current routes.
The route flows remain the same before and after the changes. It implies that the system state
will move along the straight line of current flow in Figure 47. The system travel time, plotted
in contours in Figure 47, is apparently varying along this line: going up (Scenario 1A) reduces
system travel time, while going down (Scenario 2A) increases system travel time. Therefore,
from the traffic manager’s point of view, the green time should be increased.
In Scenarios 1B and 2B, drivers always notice and act on the changes and switch routes in
search for a new UE. This implies that the system state will move along the UE curve in
Figure 47. The system travel time is again varying along this curve: going up (Scenario 1B)
increases system travel time, while going down (Scenario 2B) reduces system travel time.
Therefore, from the traffic manager’s point of view, the green time should be reduced.
Compare Scenario A and Scenario B, whether drivers will notice the change or not leads to
contrary conclusions. Effective control space comes into play in determining whether a
change will be noticed or not: any changes within the indifference band are ignored and only
changes exceeding the indifference band are recognised.
Consider the special case where the indifference band is ±1.5 sec. The system travel time is
reduced when g is either increased by 1 sec (scenario 1A) or decreased by 2~5 sec (scenario
2B). Decreasing g by 5 sec brings a larger reduction than increasing g by 1 sec. Therefore the
traffic manager should decrease g by 5 sec.
Consider another special case where the indifference band is ±2.5 sec. The system travel time
is reduced when g is either increased by 1~2 sec (scenario 1A) or decreased by 3~5 sec
(scenario 2B). Increasing g by 2 sec is the most effective and should be preferred by the
traffic manager.
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Figure 47: Schematic plot of system state and indifference bands: indifference band of
green time change (±5 sec) and indifference band of travel time inequality (±32 sec). The
current system state is located at g=35 sec, f1=1540 veh/hr, which is a UE situation
These two cases illustrate the pivotal role of the indifference band in determining the system
outcome of a network change. They also support the idea of effective control space as
discussed earlier: unnoticeable changes can be introduced which do not affect driver
behaviour but may improve system performance, but if behavioural response is needed for
improving the system performance, then the introduced changes have to be noticeable.
12.5.4 Indifference to travel time inequality
The above discussion for Scenario B assumes that, once drivers notice the change, they have
perfect information on the network situation and will strive for the new UE condition. This is
often not the case. The indifference band in travel time inequality suggests that drivers are
willing to accept, or simply not perceive, a non-UE situation if the difference in travel time
between the alternative routes is within a threshold. The case of an indifference band equal to
32 sec is illustrated in Figure 47: any system situation within this band is accepted by the
drivers, in the same way that UE is accepted. For the given green time of g=35 sec, this
implies that an acceptable system state can be any point that is on the straight line of g=35 sec
and between the two curves representing indifference to inequality. The system travel time is
apparently varying along this line segment. A natural question to ask then, is how can the
traffic manager ‘move’ the system state towards the left hand side (lower f1), which has lower
system travel time.
When this indifference band in travel time inequality is combined with the indifference band
of limited change awareness, an area of effective control space is formed (the shaded area in
Figure 47). Given the current system state of ( g , f1 ) = (35,1540) , drivers are indifferent to any
other (non-UE) system states within this area. The size of this area depends on the bandwidths
of the two types of indifference: the wider the indifference bands are, the more effective
control space the traffic manager has.
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12.6 Conclusion and future research
Intuitively it is not right to assume that drivers respond to all changes in the characteristics of
their choice alternatives caused by DTM which make their current choice suboptimal. Notions
of bounded rationality and indifference bands acknowledged that factors like limited
awareness, misperception and disinterest will mean that drivers only alter their choice if a
change exceeds a certain threshold. Recently, road operators increased their interest in finding
synergies between human factors and DTM recently (Harms et al., 2011). The main purpose
of this paper is to introduce a new dimension in the design of DTM strategies that may serve
as a tool for road authorities. Taking indifference bands as a starting point, this paper
introduced and demonstrated the concept of ‘effective control space’ which aims to increase
the effectiveness of DTM. By means of a simple numerical example the implications of
effective control space for DTM and the system state were explained. The green split of
traffic lights was used as a control mechanism and showed that application of effective
control space can successfully steer the system towards its optimal state. We believe that the
introduced framework is general and can also be applied to other DTM measures like
dynamic speed limits, ramp metering installations, route guidance, road pricing, etc. In all
cases, effective control space helps to understand the feasible region of a measure (i.e. with
minimal driver response), as well as a measure’s minimum required effect to ensure response.
It is important that these mechanisms become part of traffic models to realistically capture
choice behaviour in dynamic situations. However, it requires more empirical research to fully
understand and quantify the underlying phenomena. To the best knowledge of the authors
there is yet no related work that structures factors related to the philosophy of effective
control space and shows practical application as done in this paper. To further improve the
presented framework there are several avenues for future research worth mentioning. First of
all, rather than a one-off process, the process of repeated decisions including learning and
adjustment should be considered to more realistically capture day-to-day dynamics. Secondly
and following the previous point, it is relevant to examine the implications of asymmetry in
decision making and related irreversibility of network state. Thirdly, in a dynamic context the
use of a probabilistic indifference band seems more opportune than a deterministic one. It
mainly requires empirical research to determine such a distribution, which may also
contribute to the improvement of, for example, random utility models and the definition of the
random component in particular. Finally and as also pointed out by the referees, it is not
always evident which strategy based on the effective control space yields the best outcome,
especially not in a dynamic day-to-day context. Moreover, there might be important
implications for solution uniqueness that need to be explored. Therefore, a control strategy
based on the proposed framework might be set up with the help of some optimisation
approach, such as dynamic programming.
Future empirical research will involve a driving simulator experiment and a field study. The
field study aims to investigate in a natural setting drivers’ estimation of time and how
accurately they are able to guess time intervals. Literature review showed that for such
analysis field studies yield the most valid data as subjects are in their natural environment
with same perceptions, behaviour and awareness as they normally have (Vreeswijk et al.,
2012a). In the selected approach, subjects will be randomly selected and interviewed at the
nearest down-stream intersection or parking area of the studied intersection or series of
intersections. They will be asked about their waiting time experience and challenged to value
this single experience in comparison to what they regard as average (their expectation).
Objective data such as the actual waiting time will be collected for every individual user to
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allow study of the correlation between actual measurements and user perception. In addition,
a driving simulator experiment will be set up for two reasons. First of all to evaluate if the
findings from the field study can be reproduced in different conditions and collect more
detailed evidence in order to formulate a general theory. Secondly to determine effective
control space quantitatively and indicate the moment when drivers adapt their behaviour as
the result of changing conditions. Together, the field study and driving simulator study gain a
quantitative understanding of drivers’ ability to detect changes and value them correctly as
well as their response to these changes.
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13.1 Abstract
When applying dynamic route guidance to improve the network performance, it is important
to balance the interests of the road authorities and the road users. In this paper we will
illustrate how bounded rationality and indifference bands can be taken into account in
dynamic route guidance to improve the network performance while respecting the interests of
road users. The paper elaborates on empirical findings reported in literature to propose a
suitable interpretation and utilisation of the indifference bands in a control approach. By
means of a service level-oriented route guidance control approach we evaluated the potential
gain in network performance of different absolute indifference bands. Results from a
simulation test case show a reduction in total travel time of 5% compared to user equilibrium,
in case of an indifference band of 4 minutes for a trip of approximately 22 minutes. The
improvement in network performance increases with an increasing indifferent band, up to
14% in case of an indifference band of 10 minutes.

13.2 Introduction
The increasing adverse effects of congestion indicate the need to apply dynamic traffic
management (DTM) on a network level to improve network performance. However, there
exists a well-known conflict between realisation of system optimal conditions and user
optimal conditions (e.g. Wardrop, 1952; Van Vugt, 1996; Koutsoupias and Papadimitriou,
2009). Hence, to successfully implement DTM on a network level, a suitable trade-off
between the interests of road authorities and those of drivers needs to be made. The main
challenge addressed in this paper is to find and implement a control approach that implements
road authorities’ traffic management policies and steers the network towards the desired state
without seriously violating drivers’ interests.
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Empirical research in the field of traffic psychology indicates that drivers have difficulty in
assessing the quality of their chosen alternative (e.g.Simon, 1955; Ariely, 2009) or are simply
not willing to adapt their choice if the benefits of switching are below a certain threshold (e.g.
Mahmassani and Chang, 1987; Mahmassani, 1996). This perspective of individual decisionmaking is known as bounded rationality and contributes to the so-called indifference band. On
the basis of a simple example, using the green split of traffic lights as control mechanism, it
was already demonstrated that application of indifference bands can successfully steer a
system towards its optimal state (Vreeswijk et al., 2013a). This paper therefore proposes the
use of these psychological constructs to improve the network performance, in such a way that
user interests remain respected. To this aim, service level definitions are used to describe the
quality of the network elements and the perceived quality from the perspective of the road
user. The trade-off between quality of the network elements with respect to network
performance and the perceived quality of the road users is implemented by a service leveloriented route guidance approach.
The control approach should realise network states in line with the policy objectives, i.e.
phenomena that decrease the network performance should be prevented in a systematic and
comprehensible way without strongly violating the road users’ interests (e.g. mode, route,
departure time and arrival time). This is a challenge, because it is often acknowledged that
road users are generally most concerned with improving their own situation, disregarding the
effect of their actions on the network performance and the intentions of traffic management
policies. The inverse of this argument also holds; as road authorities develop visions on how
their network should function without explicit care for individual drivers.
By means of a simulation test case we will illustrate the use of indifference bands to improve
the network performance. The notion of indifference bands (Mahmassani and Chang, 1987) is
based on the observation that drivers behave boundedly rational. For example, they make
estimation errors that influence their perception of their situation. There is evidence that such
errors contribute to an indifference band that represent drivers’ insensitivity to varying
conditions. In this paper we argue that the network performance can be improved by
considering the indifference bands in traffic control while the expectation of individual road
users remain protected. Note that although the network state moves from user equilibrium
towards system optimal state, drivers are indifferent to this change because their perception of
the old and new state is similar. Hence, they won’t respond to the perceived change in traffic
conditions because it is (considered) too small.
The remainder of this paper will focus on two questions. Firstly, what is the width of the
indifference band? This question is concerned with the extent to which road users are
insensitive to conditions that are suboptimal from their individual perspective. Secondly, what
are the implications for the achievable network performance improvement with application of
a service level-oriented route guidance approach?
The following Section will give an extensive overview of the background of our work.
Bounded rationality, indifference bands, perception error and service level-oriented route
guidance will be discussed in detail. Next we will formulate our approach from the theory and
empirical evidence that is available. Through application of the approach in a test case we will
demonstrate the potential effect on the network performance. The final sections discuss the
results and conclude.
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13.3 Background
13.3.1 Bounded rationality
Many assumptions in conventional traffic modelling have been derived from standard
economics. It is often assumed that drivers are rational decision makers and, above all, are
perfectly informed about the available choice alternatives. Moreover, that they can calculate
the value of the different options available, that they are able to derive the optimal choice, and
that they are cognitively unhindered in weighting the implications of each potential choice
(Avineri and Prashker, 2004; Srinivasan and Mahmassani, 1999). In other words, people
make logical and sensible decisions and quickly adopt their choice to changing conditions. In
reality, people have limited knowledge and constrained cognitive abilities leading to
prejudiced reasoning and certain randomness in behaviour and choice outcomes (Avineri and
Prashker, 2004; Chorus and Timmermans, 2009). Behavioural economics draw on the aspects
of both (cognitive) psychology and economics, and study the motives and behaviours that
explain deviations from rational behaviour (Ariely, 2009; Avineri, 2010). This perspective is
known as bounded rationality or satisficing behaviour (Simon, 1955; 1982), and also found its
way into transport research (e.g. Mahmassani and Chang, 1987; Chang and Mahmassani,
1989; Jayakrishnan et al., 1994). In summary, bounded rationality states that drivers do not
necessarily make the most economical (or logical) choice.
13.3.2 Indifference bands
A well-known mechanism derived from the principles of bounded rationality, which is has
been used and validated in the field of transport, is the notion of indifference bands.
According to the theory of indifference bands, drivers will only alter their choice when a
change in the transport system or their trip, for example the travel time, is larger than some
individual-situation-specific threshold (Chorus and Timmermans, 2009; Srinivasan and
Mahmassani, 1999; Chang and Mahmassani, 1988; Mahmassani and Liu, 1999; Jou et al.,
2005). In the field of time psychology this threshold is called the ‘comfort zone’ (Van Hagen,
2011). In addition, drivers supposedly do not update their choice (e.g. route, departure time,
mode) when the difference in quality between two routes, for example in travel time, is less
than the same threshold.
There are many factors associated with indifference bands which explain why a change in
network performance not necessarily leads to a behavioural response. Examples include
limited awareness and disinterest (Vreeswijk et al., 2013a). Underlying reasons may be that a
driver is not alert to changes due to the formation of habits, that a driver is not able to detect
or ‘see’ the change because it is small or outside the driver’s periphery, that the driver is
disinterested if the type of change is regarded insignificant, or simply due to a lack of
(knowledge of) alternatives.
Multiple studies provide evidence that boundedly rational behaviours are neither random nor
senseless; they are systematic, consistent, repetitive, and therefore predictable (Avineri and
Prashker, 2004; Ariely, 2009; Tversky and Kahnemann, 1992). As a consequence the
indifference band can be estimated too and therefore used as an input variable for DTM. In
several studies an attempt was made to estimate the width of the indifference band. All studies
acknowledged the existence of the phenomenon, but their estimations vary: 10 minutes
(Mahmassani and Chang, 1985), 18 minutes (Van Knippenberg and Van Knippenberg, 1986),
5-10 minutes or 17-22% (Srinivasan and Mahmassani, 1999). From these figures it is clear
that no single, generic indifference band can be defined without knowledge of the traffic
conditions, trip lengths, etc. The indifference band is clearly situation specific.

176

The Dynamics of User Perception, Decision Making and Route Choice

13.3.3 Perception error
In literature there is strong debate about discrepancies between drivers’ perception and the
existing level of service standards (Washburn et al., 2004). The Highway Capacity Manual
(HCM) proposed six levels of service ranging from ‘A’ very good service to ‘F’ very poor
service which are separated by threshold values of characteristic measures of traffic flow
performance, such as traffic density, volume-to-capacity ratio and average speed. However,
empirical evidence of below referenced studies show that on average drivers are unable to
properly estimate the actual quality of the conditions they experience. Drivers’ perceptions of
level of service appear widely variable, while usually only two or three levels of traffic
conditions are distinguished.
In one study drivers’ assessment of motorway traffic conditions, reported while waiting at
traffic lights on a freeway exit were compared with actual v/c-ratio from the same time period
(Papadimitriou et al., 2010). This study showed that drivers’ assessment of level of service is
especially variable at moderate traffic conditions within the v/c interval of 0.55-0.70.
Additionally, only the least tolerant drivers appear to distinguish level of service A and B,
whereas only the most to tolerant drivers appear to distinguish level of service D from E.
Findings did not differ for driver and vehicle characteristics. Based on these results, three
service levels were proposed: one level for the highest v/c values, one level for medium-high
v/c values, and one level for all other v/c ratios. Using video clips taken from cameras on
overpasses, another study with 195 individuals from 5 different occupational groups showed
similar results (Choocharukul et al., 2004). Likewise, respondents of this study seemed to
differentiate three levels of freeway traffic conditions. Additionally, compared to the HCM,
they had lower tolerance for LOS and a higher tolerance for worse LOS. For urban
commuters similar results were found as they appeared to be primarily concerned about the
total trip time and its reliability in order to complete the journey in reasonable time
(Hostovsky et al., 2004). As such, fine distinctions between LOS A through D did not seem
applicable in the urban context.
Another stream of research investigated the perception of the level of service at signalised
intersections. Study results (see Zhang, 2004 for a review) suggest that drivers do not perceive
level of service in way consistent with the HCM criteria . Generally, two and perhaps three
levels of service are generally perceived (Pecheux et al., 2000a). Lower levels of service were
rated higher than expected, which suggests that drivers may be more tolerant to longer delays
(or used to them) than what is usually assumed. On the other hand, high levels of service, i.e.
A through C, are perceived as being very similar. Using a special and less rigid data clustering
technique it was concluded that drivers are able to differentiate six levels of service, but not in
alignment with the existing HCM ones (Fang and Pecheux, 2009). In this study, the service
levels A and B were merged for a single level and level F was split into two.
A third stream of research looked at the accuracy of drivers’ perception of choice alternatives.
Most studies observed that driver perceptions become more accurate if the difference between
alternative routes increases. It was found that driver perceptions were on average around 60%
accurate (Tawfik and Rakha, 2012a). Additionally, drivers were able to perceive travel speed
better than travel time, while perception of travel distance was least accurate. Several revealed
preference studies showed that on a substantial percentage of trips drivers do not choose the
shortest route (Jan et al., 2000; Beckor et al., 2006; Zhu and Levinson, 2012; Thomas and
Tutert, 2010). The number of trips varied from 25% to as much as 84%, depending on the
route type (e.g. orbital or centre) and travel time difference between choice alternatives. Often
the travel time difference is small (e.g. 30 seconds), but a substantial number of non-trivial
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travel time differences were found, ranging from 2 up to 5 minutes or 8-25% of the average
commute time (Thomas and Tutert, 2010; Zhu and Levinson, 2012). Based on the observation
that drivers’ perceptions do not always correspond with their experiences one could
distinguish three types of choice behaviour (Tawfik et al., 2010b): (1) logical behaviour that
reflects drivers choosing better perceived routes (perceive route A better and choose route A);
(2) cognitive behaviour reflecting drivers choosing a route in spite of not perceiving a
difference between both routes, presumably to reduce mental working load (perceive no
different, choose any route), and (3) irrational behaviour that reflects drivers choosing worse
perceived routes (perceive route A better and choose route B).
Finally, a recently adopted theory in transport research worth mentioning is prospect theory.
The theory is derived from behaviour economics and relevant in the context of this paper. It is
based on the principle that decisions are context-dependent and alternatives are framed in
terms of gains and losses relative to some common reference point, while losses weigh twice
as much as gains of equivalent size (Kahnemann and Tversky, 1979; Avineri and Bovy,
2008). In line with this theory it is arguable that drivers are more likely to notice and respond
to changes involving losses than changes involving gains, while the effect of any additional
gains or losses decreases. The recently introduced theory of regret minimisation also builds
upon these principles, i.e. people anticipate and try to avoid the situation where a non-chosen
alternative outperforms the chosen one (e.g. Chorus, 2012a).
13.3.4 Service level-oriented route guidance
The approach that we adopt is a recently proposed service level-oriented route guidance
approach that is able to systematically improve network outflow by preventing the negative
effects of spill back and capacity drop. The control process will be presented, but details on
the applied controller, a finite-state machine in combination with feedback control laws, can
be found elsewhere (Landman et al., 2012; Landman et al., 2011).
The capacity of road infrastructure drops during the onset of congestion, because the flow out
of the queue is smaller than the maximum achievable flow during free flow conditions.
Blocking back of queues to upstream road infrastructure can cause hindrance to flows that do
not need to pass the bottleneck. Both phenomena realise a decrease in the network outflow (or
more total time spent by vehicles in the system) which can be prevented by guiding traffic
away from the critical bottleneck towards network elements where it least degrades the
network performance.
The dynamic route guidance approach controls the performance of two alternative routes by
maintaining predefined target service levels. The critical performance conditions at which
spill back occurs within a route are defined in terms of average speed or travel time within the
route. This was determined based on simulation or empirical data. The performance of the
routes is then degraded stepwise towards this critical value by step sizes that remain well
within the indifference band of road users (i.e. the performance difference between the routes
is not noticeable by the road user). However, once a route reaches its critical value, its
performance is stabilised by sending traffic to its alternative. To maximally postpone the
occurrence of blocking back, a performance difference is realised that is equal to the
maximum value of the indifference band of road users for the specific situation.
Target service levels of a route are degraded and recovered during respectively over- and
undersaturated traffic conditions. Oversaturated means that the traffic demand for both routes
is larger than their joint capacities, resulting in increasing congestion and decreasing service
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levels. If the demand for both routes is smaller than this joint capacity, routes are assumed to
be undersaturated (even though congestion can still be present), resulting in performance
recovery.
In Table 35 it can be seen that the service levels are defined as performance ranges, indicated
by an upper boundary vrub (lr (kc )) and a lower boundary vrlb (lr (kc )) of the traffic speed (or travel
time), with r ∈ {1, 2} the route index, lr (kc ) the service level index at control interval kc of
route r . We assume that the preferred or main route between an origin is indicated with r = 1
and its alternative with r = 2 . The service level upper boundaries are used as the target values
to stabilise the performance of a route by sending traffic to the alternative (i.e. by adjusting
the split fraction of the routable flow). Notice from the Table that the boundaries of the same
service level can be different for the different routes (i.e. any performance regime over the
routes can be established), and that the level indices increase when the performance degrades.
Table 35: Service levels with their upper boundaries (ub) and lower boundaries (lb) in
terms of speed (km/h)
Levels

Main route
ub
1

Alternative

lb
1

ub
2

l ( kc )

v (l1 (kc ))

v (l1 (kc ))

v (l2 (kc ))

v2lb (l2 (kc ))

1
2
3
4
5

80
60
40
20
10

60
40
20
10
0

80
50
30
20
10

50
30
20
10
0

13.3.5 The degradation and recovery process
The degradation and recovery process is briefly elaborated by means of Figure 48 and the
service levels given in Table 35. We assume all routes r ∈ {1, 2} to initially perform within
their first service level lr (0) = 1 (i.e. both routes are in free flow conditions). During
oversaturated conditions the upper boundary of the main route’s first service level v1ub (l1 (kc )) is
maintained and the performance of the alternative v2 (kc ) is allowed to degrade until its first
service level lower boundary v2lb (l2 (kc )) in point A. Once this boundary is reached, the
alternative’s target service level at the current control interval kc is increased to
l2 (kc=
) l2 (kc − 1) + 1 and the corresponding upper boundary value v2ub (l2 (kc )) maintained. The
performance of the main route v1 (kc ) is subsequently allowed to degrade until its first service
level lower boundary v1lb (l1 (kc )) in point B. Once reached, the service level of the main route
increased to l1 (kc =
) l1 (kc − 1) + 1 and the corresponding value of the second service level
maintained v1ub (l1 (kc )) . As long as oversaturated conditions remain, this procedure will
degrade the performance stepwise.
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Figure 48: Process of degrading and recovering target service levels
When the situation becomes undersaturated, the route that is not kept at constant performance
will recover until its active service level upper boundary vrub (lr (kc )) is reached as can be seen
in point C. Here, the performance of the alternative crosses its active performance upper
boundary, hence the target service level of the main route is decreased to l1 (kc =
) l1 (kc − 1) − 1
ub
and the active upper boundary v2 (l2 (kc )) of the alternative maintained, so that the main route
will further recover. If the main route crosses its performance upper boundary, the target
service level of the alternative is decreased to l2 (kc=
) l2 (kc − 1) − 1 and the upper boundary of
the main route maintained, so that the alternative will recover.
The mechanism is designed such that the preferred route recovers before the alternative does,
and that the target service levels of the routes never differ more than one service level index.
With respect to the adoption of the psychological constructs the following aspects of the
service level definitions are important:
- The maximum performance difference between two routes per service level is
determined by ∆v1,2 (l (kc )) = v2lb (l (kc )) − v1ub (l (kc ))
- The degradation step size within a service level of a route is determined by
∆vr (l (kc )) = vrlb (l (kc )) − vrub (l (kc ))

When maintaining route service levels, the boundary values are always translated into travel
times. This prevents unrealistic and unfair travel time differences between choice alternatives
from as small variations in low speeds result in much larger travel time differences than small
variations in high speeds.
The aim of service level-oriented route guidance approach is to guide rather than to inform
drivers about delays in the network. Much research has been devoted to choice modelling,
driver compliance and the influence of information, for reviews see (Prato, 2009; Bonsall,
1992; Chorus et al., 2009; Chorus et al., 2006b; Han et al., 2007). We acknowledge that these
are relevant aspects of route guidance. Clearly, the proposed control approach can only have
an impact if the size of the controllable flow and the compliance rate are large enough. For
this reason, we will leave this topic out of consideration and focus on the application of
indifference bands in the service-level control approach. We believe that if a control approach
is designed to respect the expectations of drivers it will be successful. In the remainder of this
paper, when we refer to route guidance we refer to Variable Message Signs (VMS) that
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inform drivers about the preferred route to a certain destination. No travel times or delays are
shown, nor do the drivers receive any form of compensation or incentive to use the preferred
route.

13.4 Approach
As mentioned before, we believe that the indifference band is a great opportunity for Dynamic
Traffic Management as it provides road authorities with certain freedom to improve the
network performance. Although we focus on route guidance in this paper, we consider that
this approach is suitable for any DTM system that influences the network performance in
terms of travel times, delay times, traffic density, average speed, etc. This includes traffic
lights, variables message signs, ramp metering, lane management, etc. This approach does not
consider the use of incentive schemes, for example, based on monetary rewards and penalties.
As such, the amount of freedom road authorities have is directly related to the indifference
band, i.e. the wider the indifference band, the more freedom road authorities have to achieve
network performance improvements. As long as the indifference band is respected, driver
response is assumed to be limited even if their situation declines. Conversely, if road
authorities aim to change route choice, the effect of their measures should exceed the
indifference band. Either way, the effectiveness of DTM is likely to increase when drivers’
expectations are considered by means of the indifference band.
Example: Blocking back within a route can be prevented (queue stabilised) by sending traffic
to the alternative route. If no redundant capacity is available in that alternative, its quality
will degrade (travel times increase). The indifference band indicates the maximum acceptable
travel time difference between both routes that is acceptable (i.e. non-observable and/or noninterested) from a user perspective. This in turn defines the achievable gain in network
performance with respect to the user equilibrium situation and the situation in which no
prescriptive route guidance is given.
To obtain route guidance signals that are ‘acceptable’ from the average driver’s perspective,
the indifference band will define the following input parameters of the control approach:
- The difference between the upper and lower boundaries within the service levels of a
route.
- The maximal performance difference between two choice alternatives.
With regard to the width of the indifference band the following observations can be made
based on the literature discussed earlier:
- The indifference band is situation specific, subject to traffic conditions, trip length,
etc.
- In absolute sense, widths of 5-18 minutes (average 10 minutes) have been suggested.
- In relative sense, indifference band of 17-22% have been suggested.
- Travel time differences between best and chosen routes of 2-5 minutes or 8-25% were
found.
- Usually only two or three levels of traffic conditions are clearly distinguished (see
- Table 36).
- Drivers are more tolerant to longer delays than traditionally anticipated (see
- Table 36).
- Loss aversion: losses are valued twice as much as a same-sized gain.
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Table 36: perception of level of service at freeways and controlled intersections versus
level of service definitions of the Highway Capacity Manual (HCM)
HCM
Freeway
LoS
(pc/mi/ln)
A
B
C
D
E
F

0-11
>11-18
>18-26
>26-35
>35-45
>45

Perceived
Freeway LoS
(pc/mi/ln)
(Choocharukul
et al., 2004)
0-7
>7-21
>21-34
>34-49
>49-82
>82

HCM
Freeway
(v/c)

Perceived
LoS (v/c)
(Papadimitriou
et al., 2010)

0.00-0.35
0.35-0.55
0.55-0.77
0.77-0.92
0.92-1.00
>1.00

HCM LoS
intersection
(sec.)

0-5.0
5.1-15.0
15.1-25.0
25.1-40.0
40.1-60.0
>60.0

0.00-0.55
0.55-0.70
>0.70

Perceived
Intersection
LoS (sec.)
(Fang and
Pecheux, 2009)
0-15.0
10.0-27.5
22.5-40.0
35.0-57.5
51.0-82.0
>82.0

To define a service level structure for our test case we base our design decision on the
following conclusions. First of all, drivers may perceive the travel time of a route (PTT)
differently than the actual travel time (ATT) as shown in Figure 49. The dashed centre line
represents the case of no perception error and equal PTT and ATT. In reality, drivers tend to
overestimate (top-left) and underestimate (bottom-right) travel times depending on individualsituation specific factors. There doesn’t seem to be a general rule in the literature for drivers’
overestimation and underestimation of travel times, probably because perception of travel
time varies substantially between routes depending on the route characteristics. To illustrate, a
solid linear line is plotted for route x for which drivers systematically underestimate the travel
time. From the viewpoint of the driver there is no difference between the travel times of both
routes, while in reality there is. In practice, driver perception of travel time can be far more
complex than a simple linear relation. An example is provided for route y by means of the
dotted line for which low and high travel times are overestimated while moderate travel time
are underestimated.
PTT

Route[y]
PTT > ATT
“overestimation”

TT

P

=

T

AT

PTT < ATT
“underestimation”

Route[x]
ATT

Figure 49: perceived travel time (PTT) versus actual travel time (ATT)
Perception errors based on the difference between perception and reality are a helpful
indicator for the indifference band. This is shown in Figure 50. For the purpose of illustration
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we continue with the linear relation between PTT and ATT. In this example travel times of
route y are systematically underestimated, while travel time of route x are generally
overestimated. These perception errors are indicated by PE[y] and PE[x] respectively.
However, what matters most to estimate the indifference band, is the perception of route x
relative to the perception of route y, indicated by PE[x-y]. In Figure 50, the indifference band
is the difference between the actual travel time of route x (ATT[x]) and the actual travel time
of route y (ATT[y]), for which drivers perceive equal travel times (PTT[x,y]).

AT
T

PTT

PT

T

=

Route[y]

PE[y]

PE[x]

PE[x-y]

PTT
[x,y]

Route[x]

Indifference
band
ATT[y]

ATT[x]

ATT

Figure 50: perception errors (PE) and the indifference band
Looking at service levels, the literature findings suggest that driver have more difficulty
perceiving differences in high (i.e. A-B) and low levels of service (i.e. E-F) regimes than in
moderate levels of service. Hence, it is reasonable to assume that the indifference band is
wider for high and low levels of service than for moderate levels of service. Figure 51 shows
the level of service of route x versus the level of service of route y. On the dashed centre line
the level of service of both routes is the same. Building upon Figure 50, we assume again that
due to perception errors, route x is generally perceived as being better than route y even
though they are equal in reality. The perceived difference in level of service between both
routes (ΔLoS) is plotted as the solid line with the suggested width for the three regimes low,
medium and high. Consistent with Figure 50, the horizontal lines represent the indifference
band. Based on the literature, an appropriate width of the indifference band seems to be at
least in the range of 2 minutes while in certain circumstances, like in low and high levels of
service, this width could increase to approximately 10 minutes.
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LoS[y]
LoS[x] = LoS[y]

Perceived ΔLoS

2 min.

Indifference
band
low

medium

high
LoS[x]

Figure 51: level of service of route y (LoS[y]) versus level of service of route x (LoS[x])
It was mentioned that the indifference band is situation specific, i.e. route attributes are
important in route choice and may influence drivers’ perception. These attributes may vary
over different routes and their exact influence on route choice may be hard to determine.
Examples of route attributes are: directness, number of intersections, weather, information,
congestion, presence of trees, etc. Due to the lack of situation-specific knowledge it might not
be possible to estimate the width of the indifference band in the kind of detail suggested in
Figure 51 or line C in the Figure below. One alternative is to assume that the indifference
band can be represented by an absolute value which is equal for all regimes. Another
alternative is to express the indifference band as a percentage of the actual travel time. Hence,
in absolute sense the indifference band increases with increasing travel times. Both cases are
shown in Figure 52 by the dotted lines A and B respectively.
TT[y]
TT[x] = TT[y]

[A]
[B]
[C]

Indifference
band
low

medium

high
TT[x]

Figure 52: width of the indifference band: [A] absolute value, [B] percentage, [C]
continuous
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Finally, the notion of loss aversion implies that the service levels should have a different
definition in case of degradation compared to recovery of service levels. This would require a
specific service level structure like Table 35 for both the degradation and the recovery
process. Roughly, the difference between upper and lower boundaries, choice alternatives and
service levels for the degradation process would become half these differences of the recovery
process. However, to limit complexity we won’t consider asymmetry effects due to loss
aversion in this paper. Instead, the reader may consult (Bie et al., 2012b) for several numerical
examples.

13.5 Test case
By means of a simulation test case the potential to improve the network performance while
respecting the threshold values of the indifference band is illustrated. To this aim, alternative
indifferent bands are applied within the control approach to evaluate the corresponding
network performance. It is also shown how the indifference band is adopted into the service
level-based control approach. Moreover, a comparison is made with system optimal route
guidance that is realised by model predictive control (MPC) and user optimal route guidance
realised by a predictive feedback control approach. Details on these control approaches can
also be found in (Hegyi, 2004; Wang et al., 2003).
13.5.1 Applied traffic flow model
The macroscopic first-order multi-class cell-based traffic flow model Fastlane (Van Lint et
al., 2008) has been used for the process simulation, the state predictions of the finite-statemachine and the optimisation procedure within the Model Predictive Control approach.
Fastlane propagates traffic flow destinations dependent through the network, enabling correct
manipulation of flows by means of route guidance between an origin and destination pair.
This also allows for proper simulation of the onset and dissolving of congestion, including the
negative effects of the spill back phenomenon.
13.5.2 Performance Indicators
The different control methodologies are evaluated based on the network performance
indicator: the total time that vehicles have spent in the network (TTS). The time spent by
N (k ) vehicles in one time step k is TN (k ) and the total time that the vehicles spent in the
network over a period k = {0,1,..., K } with K the total number of simulation time steps
becomes
K

J TTS = T ∑ ∑

∑ρ

m ,c

(k )λm,c

(1)

k =1 m∈M c∈Cm

with ρ m ,c (k ) the vehicle densities over the cells c ∈ Cm of all links m ∈ M in the network and
λm ,c the corresponding cell lengths.
13.5.3 Test case layout
The applied traffic network and its characteristics are shown in Figure 53. The VMS to
distribute traffic is located in the north. Traffic moves from origin O1 towards destinations
D1 in the east and D2 in the south. Destination D2 can be reached by a preferred route (main
route) on the east side or the alternative on the west side. The main route is considered more
important since a considerable part consists of a freeway section that is also used by other
large traffic flows traveling towards destination D1 . Within each route, a bottleneck is located
with a fixed capacity of 800 veh/h (e.g. representing an intersection) to realise congestion.
Traffic is loaded into the network at origin O1 over a three hour simulation period.
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Table 37: Demand Q loaded at origin O1
(hh:mm) 8:00
Time
2000
Demand (veh/h)

8:30
4000

9:00
4000

9:30
3500

10:00
2500

10:30
2500

11:00
0

11:30
0

12:00
0

The inflow at simulation time kT is interpolated from the pattern given in Table 37. From the
total demand, 50% travels towards destination D1 and 50% towards destination D2 . The
compliance rate γ of traffic to a given advice is assumed to be 30% and the nominal split
fraction β nN,d (kc ) at the node n downstream the VMS towards destination D2 over the main
route is 50%.

Figure 53: test case network
13.5.4 Service level definition
The policy behind the test case is to increase the network production, with the restriction that
the travel time difference over the routes should be less than the prevailing indifference band
(IB). The applied target service levels are given in Table 38. The critical travel time at which
the congestion in the main route spills back to the freeway is approximately 1100 seconds.
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This means that this critical value is maintained once the main route degraded to service level
5. The indifference band that holds for the specific situation then determines the maximum
acceptable travel time difference over the routes (i.e. the achievable gain in network
performance without user interests being violated). In the test case we study the potential gain
in network performance by evaluating various absolute indifference bands (i.e. IB = {120,
240, 360, 480, 600, 720, 840} seconds).
In this paragraph the set-up of the service level structure is presented including the adoption
of indifference bands. The structure is illustrated for the situation in which the maximum
value of the indifference band is assumed 600 seconds. The degradation step size of service
levels 1 to 4 is chosen as 120 seconds, resulting in a maximum performance difference of 120
seconds over the routes (i.e. ∆τ 1,2 (l (kc )) = τ 2lb (l (kc )) − τ 1ub (l (kc )) = 120 for l (kc ) = {1, 2, 3, 4} .
Once the main route is degraded to service level 5, the critical performance value of 1110
seconds (closest to the 1100 seconds value described above) is maintained and the alternative
accepted to degrade until a travel time difference is established of 600 (i.e.
∆τ 1,2 (l (kc )) = τ 2lb (l (kc )) − τ 1ub (l (kc )) = 600 for l (kc ) ≥ 5 ).
Table 38: Service level Table for the test case with the 1st and 2nd column of a route
indicating the service level upper boundary (ub) and lower boundary (lb) in terms of
travel time (s)
Levels

Main route

Alternative

l ( kc )

τ 1ub (l1 (kc ))

τ 1lb (l1 (kc ))

τ 2ub (l2 (kc ))

τ 2lb (l2 (kc ))

1
2
3
4
5
6
7
...

630
750
870
990
1110
1230
1350
...

750
870
990
1110
1230
1350
1470
...

630
750
870
990
1110
1710
1830
...

750
870
990
1110
1710
1830
1950
...

Hence, when the alternative degrades to service level 6, blocking back is no longer prevented
due to the indifference band constraint. Finally, the tuning parameters of the controller are
chosen in line with the settings used in Landman et al. (2012).

13.6 Results
13.6.1 Travel times and queue lengths
In Figure 54 the travel times and corresponding queue lengths are given for the different
control approaches per route. To realise system optimality in the test case, the MPC approach
makes sure that the bottlenecks in the main route and alternative become active and released
at the exact same time and that the off-ramp queue does not spill back over upstream
bifurcation point. As long as both bottlenecks are active and no other flows are hindered by
spill back, it does not matter where the queues are located. In that respect, the MPC approach
accepts a large travel time difference (i.e. larger than the indifference band) over the main
route and the alternative, to prevent spill back of the off-ramp queue to the upstream
bifurcation.
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travel times control approaches

queue lengths control approaches

2200
2000

4000
MPC alt
FSM alt

FSM alt
3500 MPC alt

1600

3000
UE main/alt

1400
FSM main
1200

MPC main

queue length (m)

travel time (s)

1800

2500
2000
1500

1000

1000

800

500

600
08:00

UE main

11:00
10:00
09:00
time (hh:mm)

12:00

0
08:00

UE alt
FSM main
MPC main

11:00
10:00
09:00
time (hh:mm)

12:00

Figure 54: a) travel times and b) queue lengths resulting from the control approaches
For the user optimal solution the travel times remain the same, however, the corresponding
queue lengths indicate the disadvantage of this approach. As can be seen in Figure 54b by the
grey continuous line, the queue of the main route spills back over the upstream bifurcation in
an early stage, causing hindrance to the on-going flow and hence decreased network
performance.
Service level-oriented control realised by the Finite-state machine (FSM) degrades the
performance of the main route and alternative stepwise according the target service levels
given in Table 38. At t=1110 seconds the performance is stabilised and the alternative
allowed to degrade until a travel time difference is realised of 600 seconds (i.e. the assumed
indifference band). As can be seen by the orange continuous line in Figure 54b, spill back is
not completely prevented within the main route, since the queue length exceeds the off-ramp
length of 1500 m. This result indicates that a travel time difference larger than 600 seconds is
needed to completely prevent spill back from occuring. Shorter travel time differences will
allow the main route queue to spill back over the bifurcation node in an earlier stage.
13.6.2 Travel times versus indifference bands
In Figure 55 the realised travel times over the main route and alternative are given for the
Finite-state machine approach maintaining various predefined absolute indifference bands.
The steps in the travel time data indicate the stepwise degradation and recovery of the route
performance. The middle diagonal illustrates the user equilibrium situation and the other
diagonals illustrate the acceptable relative deviation of the equilibrium situation (i.e.
indifference bands in relive terms). Acceptable travel times over both routes therefore need to
stay between the 0% diagonal and the formulated maximum indifference band definition (i.e.
defined in either in relative or absolute terms).
The target service levels for degrading the main route to its critical performance value of 1110
seconds is the same for all IB settings. This can be seen by the strong overlap of data points
until the travel time of 1110 seconds is realised within the main route. At this critical
performance, the chosen absolute value of the indifference band (i.e. IB = {120, 240, 360,
480, 600, 720, 840}) is defined by the maximum deviation from the 0% diagonal. The applied
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absolute indifference bands directly determine the achievable network performance gain with
respect to user equilibrium conditions. Note that relative indifference bands can be used as
well to determine the maximum absolute acceptable travel time difference that can be
maintained by the controller. Moreover, this type of plot can be used to assess if the resulting
travel times from a route guidance approach satisfy the defined indifference bands.
realized travel times and indifference bands
2000

50%
40%
30%
20%
10%

1800

0%

travel time route 1 (s)

1600

10%
20%
30%
40%
50%

1400

1200

120 240 360 480 600 720
840

1000

800

600
600

800

1000

1200
1400
1600
travel time route 2 (s)

1800

2000

Figure 55: realised travel times on main route and alternative route due to the service
level oriented control approach with adopted absolute IB values IB={120, 240, 360, 480,
600, 720, 840}. The diagonal lines additionally illustrate perceived IB boundaries in
relative terms.
13.6.3 Network performance
In Table 39 the network performance of the user optimal approach, the system optimal
approach and the service level-oriented approach that corresponds with the different IB
settings are given. Both the user optimal and system optimal approaches realise the lowest
TTS of traffic towards destination 2. The reason is that the optimal controller is able to
determine the control signals that realise activation and release of the bottlenecks in the main
route and alternative route at the same time. The user optimal solution in this specific case
does the same by keeping travel times equal, since both routes have the same characteristics
(length, speed). The service level-oriented approach realises little underutilisation (increase
0.6% TTS D ) in the undersaturated phase when the bottleneck within the main route is
released and the alternative route still has to recover from the lower bound performance of its
first service level to free flow conditions. However, the total time spent of potentially
hindered traffic to D1 is of real interest, since hindrance to this flow strongly influences the
network performance. The decrease of TTS to D2 is therefore given in column 4.
2
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Table 39: Network performance in TTS resulting from the UE, MPC and
FSM-IB approach

UE
MPC
FSM-IB-120
FSM-IB-240
FSM-IB-360
FSM-IB-480
FSM-IB-600
FSM-IB-720
FSM-IB-840

TSSD1
(h)
787
661
774
748
716
699
675
668
661

TSSD2
(h)
1999
1998
2011
2011
2011
2011
2011
2011
2011

TSSTOT
(h)
2784
2660
2785
2759
2727
2710
2686
2679
2672

Decrease TSSD1
-16.0
1.7
5.0
9.0
11.2
14.2
15.1
16.0

The Table shows for instance that an absolute indifference band of 4 minutes reduces the TTS
of traffic that does not need to pass the bottleneck by 5%, whereas an indifference band of 10
minutes realises a 14% decrease of TTS to on-going traffic.

13.7 Conclusions
Road users have difficulty in assessing the quality of their chosen alternative. Building upon
the notion of indifference bands, we have introduced a service level-oriented route guidance
approach that utilises the inability to improve the network performance, without road user
interests being violated.
Estimating the width of the indifference band is not trivial. It is situation specific and subject
to drivers’ perception of a route relative to drivers’ perception of another route as well as
reality. In case of insufficient knowledge to estimate the indifference band in great detail, we
illustrated several other ways for interpretation and quantification of the indifference band. In
this paper the effect on the network performance and application of indifference bands in the
route guidance approach was explored by means of a simulation test case. By applying
absolute indifference bands ranging from 2 to 10 minutes, the test case showed network
performance gains between 2 to 14%.
The indifference bands are easily adopted in the applied service level-oriented route guidance
approach. The approach properly degrades and restores the performance of the controlled
routes according to the defined target service levels (including the indifference bands). Hence,
the behaviour of the control approach is comprehensible. As long as monetary incentives are
not given to road users to make system optimal route decisions, the utilisation of indifference
bands offers an acceptable trade-off between policy objectives of road authorities and the
interests of individual road user.
Finally, we would like to recommend several avenues for further research we were unable to
capture within this paper. First of all, it would be interesting to assess the effects of day-today dynamics and driver learning on the performance of the control approach, especially on
the long term. Secondly, the route guidance signal to drivers (e.g. travel time information,
route advice) should be optimised to achieve high levels of compliance. In addition, in this
study we assumed fixed driver compliance which in reality may vary and yield a different
outcome in certain situations. Finally, more empirical material is needed to estimate the width
of the indifference band. At best, such estimate should provide a minimum width that is
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common for all cases and some direction for additional width in specific circumstances. It is
particularly needed to understand what a realistic indifference band in any context is. For
example, an indifference of 10 minutes for a trip of about 22 minutes (as used in this study)
seems unrealistic. However, from a different viewpoint drivers in this network were used to
15 minutes of delay in comparison to free flow traffic in the case of user equilibrium. With
delay in that order of magnitude, an indifference band of 10 minutes, or one as small as 4
minutes seems very reasonable.
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14. Conclusions and further research

In Part I of this thesis the context of the research was presented together with the background
on time perception and day-to-day dynamics, as well as data collection methods. This basis
was used to setup different empirical studies on travel time perception, awareness and waiting
time perception, which were presented in Part II. Additionally, results from the analysis of
route choice and route switching behaviour using empirical data were presented in Part III. In
part IV the threshold-based concept ‘effective control place’ was applied in two different
contexts to illustrate the implications.
The objective of this research was: to empirically measure users’ perception of time in traffic
and factors influencing time perception, for routes and signalised intersections, to assess
choice behaviour and the effect of perception error on choice outcomes, and to develop basic
principles for integrating the implications of thresholds in transport policy and traffic
management.
The most important scientific contributions of the research presented in this thesis are:
- Overview of the scientific literature and state-of-the-art of empirical findings on travel
time perception, waiting time perception and day-to-day dynamics in choice behaviour
and adjustment processes, and development of a theoretical framework for the day-today route choice decision process including perception and thresholds.
-

Review of data collection methods, weighing of methodological considerations, and
development and evaluation of new data collection methods and approaches. Through
the application of these data collection methods: quantitative assessment of user
awareness, perception error, route choice behaviour, and related thresholds based on
empirical data.

-

Development of a new framework for traffic management, i.e. the concept of effective
control space, which integrates the basic principles of thresholds and exhibits policy
implications. In addition, demonstrate in two different scenarios and for two different
control systems that application of the framework substantially improves the
performance of the traffic system.

The next Sections are arranged in the following order: choice behaviour, time perception,
indifference bands and thresholds, usability and recommendations.
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14.1 Choice behaviour
In literature, choice behaviour is increasingly known to be boundedly rational. Scientists,
especially in the field of (cognitive) psychology and social sciences repeatedly showed that
traditional assumptions of perfect rational behaviour and omniscience are unrealistic.
Moreover, they showed that alternative theories from the field of behavioural economics
better explain the choices of individuals. Particularly relevant in the context of transport
policy and traffic management is the extent travellers adapt their behaviour in response to
(externally imposed) changes to the performance of the traffic system. There is growing
understanding that travellers alter their behaviour when the utility difference becomes larger
than some individual-specific threshold. The term threshold is deliberately chosen generic and
acknowledges the potential existence of limits, boundaries or cut-offs: thresholds as inertia,
habit or reluctance to change; thresholds defined as minimum perceptible changes, and
thresholds as mechanisms of acceptance or rejection of alternatives.
We will now address one of the research questions of this thesis:
What choice strategies can be derived from choice data, what is the relation between
perception and the choice behaviour, and do findings support notions of bounded rationality,
inertia and thresholds?
Based on survey data and data from a real-world driving experiment we found that
respectively about two-fifths (40%) and three-quarters (75%) of the respondents choose the
shortest-time route. These figures support literature in findings on non-utilitarian route choice
from the perspective of actual travel time. However, we found that about 90% of the choices
could be explained by perceived travel times. A possible explanation is that other factors like
travel speed, road hierarchy, route directness, familiarity and travel time reliability were found
to affect travel time perception and as a result the choice behaviour. Additionally, results
suggested that travellers evaluate categorical properties of routes in a specific order: first
familiar routes over unfamiliar routes, then orbital routes over centre routes, and lastly direct
routes over indirect routes. Interestingly, it was found that these properties have a larger
impact on choice behaviour than perceived travel time, as respondents deliberately choose
perceived non-shortest time routes more often when they were offered a choice between
routes with opposite properties. Finally, it was found that perceived travel times of familiar
drivers were higher and less accurate than those of unfamiliar drivers. This suggests that
learning by experience makes drivers increasingly pessimistic or perhaps cautious and, as
indicated by literature, not necessarily better rational utility optimisers.
Looking at choice behaviour more specifically, analysis of route choice data from a realworld driving experiment revealed four different choice strategies and four different route
choice patterns. For this analysis route choice data was contrasted with expected travel time
savings relative to choice alternatives and another addressing experienced travel time savings
on the current route. Considering expected savings, it was found that on average about onequarter of the choices were inertial behaviour, while for experienced savings this was on
average about one-third. Generally, switching behaviour could be better explained by
expected gain at the choice alternative than experienced loss at the current route. This is in
line with theories on inertia. For example that choosing a particular alternative makes it more
probable that the alternative is chosen again on the next day, because the so-called inertial
effect increases the utility of the current path relative to non-chosen alternatives. An important
finding is the considerable difference between choices situations, routes and driver types. In
our analysis we found systematic support for the notions of bounded rationality, inertia and
thresholds, but the frequency and magnitude proved to vary substantially which is in line with
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literature on reference-dependency and user heterogeneity. Finally, asymmetry between
situations involving gain and situations involving loss were found and mostly drivers were
loss-aversive rather than gain-seeking, which made them switch-aversive.

14.2 Time perception
Time is a common measure of performance in transport and has become an indication of the
general acceptability by drivers, with delay as a measure of driver comfort, frustration, excess
fuel consumption and lost time. However, there is no sense organ for time which makes time
subjective and heavily dependent on how we process information and extract meaning from
our environment. Although the literature on time perception in transport is limited, the
literature shows that drivers’ accuracy of travel time and waiting time perception is imperfect
and that perceived travel times better explain drivers’ choices than actual travel times. We
selected perception error as our main research interest because of its measurability, the
relation to decision-making processes and the possible use as indicator for threshold values.
We will now address the following research question of this thesis:
How do users perceive travel time and waiting time, how are perceptions affected by choice
attributes and situational factors, and how can these be measured?
For routes and travel times we found that on average travel times were overestimated and that
travel times of non-chosen routes were overestimated more than travel time of chosen routes.
The latter was explained as the so-called ‘choice-supportive bias’, which is closely related to
the inertial effect that due to choosing an alternative causes increases in the utility of the
current path relative to non-chosen alternatives. The choice-supportive bias describes that
people are more likely to attach positive feeling to options they choose and attribute negative
features to options they reject. Based on our findings the analogy is that drivers attached more
positive or less negative feeling to options they chose than to options they rejected. By
contrasting travel time perception with choice behaviour and properties of the routes we found
several relations. For example, perceived travel times of high-hierarchy routes (e.g. orbital
routes) were smaller than perceived travel times of alternative routes, while in reality this was
not the case. Similar findings were obtained for the direct routes versus indirect routes and
preferred versus non-preferred routes: the perceived travel times of direct and preferred routes
were smaller than indirect and non-preferred alternatives, while in reality this was not
necessarily the case.
For signalised intersections and waiting time perception we found that respondents on average
could fairly accurately estimate the general order of magnitude of the waiting time, but that
perceptions varied greatly by individual respondents which implies that not all perceptions
were equally accurate. We found that waiting times were both overestimated and
underestimated, but overestimated on average. In more detail; small waiting times were
mostly overestimated and large waiting times were mostly underestimated. Additionally, it
was found that actual waiting time, number of stops in queue and the presence/absence of
signal coordination are the most important factors affecting waiting time perception. With
regard to the latter we found that changes in signal coordination dominated changes in traffic
density, which illustrated the importance of traffic lights in drivers’ perception of the
performance of the traffic system. A contradicting finding was that drivers seem to prefer
multiple short stops over one longer one combined with a green wave, but at the same time
dislike uncoordinated traffic lights.
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General remarks from respondents underlined the negative image that traffic lights generally
have. However, despite a wide range of actual waiting times the vast majority of the
respondents repeatedly and systematically indicated that their waiting time was shorter than
normal. Possible explanations are that the general public’s opinion was exaggerated, that the
expected waiting time of the respondents was based on traffic lights in general and/or that the
expected travel time was biased. Additionally, we found that drivers were not able to
distinguish subtle differences but only two distinct classes, e.g. short and long, acceptable and
unacceptable, or expected and unexpected. Similarly, awareness of real-life traffic light
changes proved to be very limited, despite considerable negative impacts on individual
waiting times in favour of societal goals. Finally, it was found that the uncertainty associated
to negatively perceived experiences, expressed by the standard deviation of the perceived
travel time and the perception error, was asymmetric relative to positively perceived
experiences. For negatively perceived experiences the uncertainty doubled to quadrupled.
To conclude, suppose that for situation i a time ti was recorded, with i=1…n and ti ≠ ti+1, then
we defined ti - ti+1 = Δi. It is important to distinguish between perception of absolute time and
perception of relative time, where perception of absolute time concerns the ability to correctly
estimate ti, while perception of relative time concerns the ability to notice whether ti ≠ ti+1 and
to estimate Δi. Our findings indicate that respondents could fairly accurately estimate the
order of magnitude of ti but mostly overestimate travel time and waiting time. In addition, we
found that respondents were able to notice if ti ≠ ti+1 when this difference was substantial, but
were unable to precisely indicate Δi. The next Section will further elaborate on this.

14.3 Perception error, inertia, indifference bands and thresholds
Methodologically time perception proved to be a complex subject to study, mainly because
perception is easily affected by the survey design and reported perceived times are prone to
reporting error. We used internet questionnaires, panel data and interviews to obtain
subjective data and real-world driving experiments, field measurements and traffic simulation
models to obtain objective data. Moreover, to address as much as possible the deficiencies of
available data collection methods, we tried to combine the strengths of Stated Preference and
Revealed Preference methods, for example by incorporating real life choice situations in
surveys or using data obtained in real world environments. Additionally, to anticipate to
possible reporting error we introduced the perspective of perception of relative time, which
means that respondents had to report for multiple routes at once or had to make a comparison
between two situations. An additional advantage of this approach was that it also provides
information on non-chosen alternatives which is usually not available. Unfortunately, the
issues of endogeneity with regards to choices and perception, which results in a type of
confirmation bias in the perceived travel times cannot be ruled out. Another limitation is that
although the use of day-to-day variability as a surrogate for experimentally changed traffic
conditions was resourceful, it does not guarantee that respondents who did not perceive
variability also will not perceive externally imposed changes.
Comparison of the findings from different data collection methods showed that, for waiting
time perception there were inconsistencies between results from field studies and for example
video-based internet surveys. Where data from for example video-based internet surveys
revealed clear and orderly patterns, these could not be reproduced using data from the field
study, even though the questionnaires were similar. Assuming that field data is usually
considered to be more representatives this questions the validity of perception studies in a
controlled environment. Another explanation is that it requires a much larger data sample to
obtain similar results based on field data.
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We will now address the following research question of this thesis:
Is there supportive evidence for thresholds in behaviour, how can these be quantified, and
what new approaches and opportunities for transport policy and traffic management can be
derived from these insights?
Indifference band thresholds were derived in two ways: through perception bias from Stated
Preference data and through switching behaviour from Revealed Preference (RP) data. It is
important to consider that it is almost impossible to systematically change real-world
conditions and to evaluate how perception and choice behaviour changes accordingly. Day-today variability was used as a surrogate. This allowed data collection on relative time
perception, for example by asking respondents to compare the last experienced travel time or
waiting time with expected travel time or waiting time. The limitation is that we cannot be
certain that drivers who did not notice or misperceived variability also won’t notice an
externally imposed change in the performance of the traffic system.
With regard to perception error we found that travel times, mostly in the range of 10-16
minutes, on average were overestimated by 2.5 minutes or 5.5 minutes when choices involved
trade-offs between travel time and aforementioned categorical properties. When averaged on
a route-level, travel times of non-chosen routes were overestimated respectively 2.8 minutes
and 1.3 minutes more than chosen routes. When averaged on a respondent-level we found
3.77 minutes and 2.05 minutes respectively. It is important to note that in about 60% of the
cases the route chosen was not the shortest time route. Additionally, we found that
respondents with a high preference for the chosen route indicated a travel time for the nonchosen that was approximately 2.3 minutes larger than the travel time for the chosen route,
whereas for respondents with no particular preference this difference was only 0.1 minutes.
Similarly for familiarity, very familiar drivers attributed 1.7 minutes more to the travel time of
non-chosen routes, whereas for unfamiliar drivers this was 1.0 minutes. Further, based on
properties like road hierarchy and route directness we found that travel times of highhierarchy and direct routes on average were 2.1 minutes smaller than travel times of choice
alternatives. However, this finding cannot be attributed to perception error alone as in these
choice situations the number of respondents deliberately choosing non-shortest perceived time
routes was also larger. Finally, based on route choice data we found that travel time
differences up 1.5-2 minutes had no statistically significant effect on switching behaviour,
which suggests that such differences were either not perceptible, erroneously perceived or
ignored.
With regards to signalised intersections the findings for waiting times perception are mixed.
In a pilot study, waiting times were underestimated by 13.7 seconds on average, which
contradicts literature and we cannot explain. In a large follow-up study we found that waiting
times on average were overestimated by 9.7 seconds. Similarly, we found that the threshold
for minimum perceptible differences was approximately 10-12 seconds. However, we also
found that changes of this size and larger were not noticed by the majority of the respondents,
even if this implied an increase in waiting time. Additionally, we found that expected waiting
times on average were 25.6 seconds smaller than perceived waiting times which confirms that
respondents were generally very positive about their last experienced waiting time (or
negative about the expectancy). However, we also found that the perception error was 9
seconds for perceived waiting times less than the expected waiting time and 37 seconds for
perceived waiting times larger than the expected waiting time. This is a clear indication that
uncertainty and loss affect the estimation accuracy.
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Using route choice data from a real-world driving experiment we found that inertial choices
are made regularly (on average 24 to 36%). Additionally, based on calculation of lost travel
time relative to switching to a choice alternative we found inertia thresholds up to 2.9 minutes
(33%) and 1.2 minutes (13%) on average. Based on experienced loss on the current choice we
found inertia thresholds up to 3.77 minutes (47%) and 1.0 minute (11%) on average.
Differences between choice situations and routes could largely be explained by travel time
differences between routes. Finally, we found an indication that switching requires minimum
expected gain of approximately 0.8 minute (8%).
When aggregating all our findings we conclude that these provide evidence for notions of
bounded rationality, inertia and thresholds. Non-utilitarian or bounded rational behaviour on
average represents two-fifths of all choice behaviour, in some cases considerably more.
Thresholds defined as minimum perceptible changes could only be determined for waiting
time at signalised intersections and was on average 10 seconds (i.e. 15% with an average
waiting time of 65 seconds). Due to analytical similarities, thresholds as inertia, habit or
reluctance to change and thresholds as mechanisms of acceptance or rejection of alternatives
have to be treated as one threshold, and could only be determined for travel time. Different
values were found for this threshold which consistently point to an upper range of about 3.5 to
4 minutes (approximately 35%) and an average of 1 to 2 minutes (approximately 15%). It is
important to note that these values should be considered descriptive as all studies are
consistent with literature in showing that thresholds are individual-situation specific and
therefore cannot be generalised to one value.

14.4 Usability for transport policy and traffic management
In this Section we will focus on different approaches and new opportunities for transport
policy and traffic management that can be derived from our findings. When generalised,
common practice is that road operators and traffic engineers assume that demand does not
change when supply changes, whereas choice modellers assume that demand always changes
when supply changes. It is likely that both perspectives are equally right and wrong.
Additionally, as described in Section 1.5.2, European and national transport policy is centred
on connecting travellers to various sources of information and providing them with advice and
recommendations regarding their travel choices. The first and foremost contribution of this
thesis to such an individual traveller-oriented approach is providing a better understanding of
time perception, decision-making processes and choice behaviour. For example, it is vital to
recognise that bias in perception affects the perceived value of choice attribute (as opposed to
the objective value) and therefore affects the outcome of choice models.
An important contribution of this thesis is the introduction of the threshold-based concept
‘effective control space’ as a means to ‘exploit’ bounded rationality and imperfections in
choice behaviour. The main principle of effective control space is that thresholds give policy
makers, road operators and traffic engineers an incentive ‘lever’ to modify choice attributes,
which in turn will increase the performance of the traffic system. Empirical findings presented
in this thesis are keystones which offer various indications supporting this concept. In
addition, we demonstrated the implications of effective control space for two traffic
management measures: a signalised intersection and a route guidance system. Regarding the
former, we showed numerically and graphically how an increase in the waiting time at the
traffic light for one direction, and as a result an increase in the difference between the travel
times of two choice alternatives, improved the system performance while preserving a user
equilibrium state. Markedly, the implication of indifference bands is that user equilibrium is
not a single state but rather a ‘space’ constrained by the indifference band thresholds.
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Similarly, indifference band thresholds were incorporated in a dynamic route guidance control
approach with step-sizes determined by the indifference band. Results from simulation
showed how the total travel time reduced by 5 to 14% when assuming a threshold of 4 to 10
minutes respectively (18 to 45% respectively with a travel time of 22 minutes).
We are confident that the principles of the effective control space are wide-ranging and can
also be applied to other traffic management measures for example ramp metering installations
and road pricing. Finally, it is important to consider the two dimensions of thresholds. As in
the aforementioned example, thresholds indicate an upper-limit assuming that effects less than
this limit will hardly affect choice behaviour. Additionally, the same thresholds also indicate a
lower-limit which measures should exceed if they aim to influence choice behaviour. For
example, in case of a threshold of 3 minutes a route advice or toll road that saves two minutes
presumably will not have much effect on route choice. Following aforementioned logic the
alternative route or the toll route has to offer a time saving of at least 3 minutes. In case of the
toll road also the toll cost has to be considered. Another lesson from the implications of
indifference bands is the resources devoted to behavioural response of traffic management
measures and information services should not be exaggerated when effects of such
interventions are minimal (though exceptions may exist).
To conclude, the findings and concepts presented in this thesis offer valuable information to
providers of traffic solutions and services. Moreover, these offer a starting point for
developing strategies for mobility and traffic management services that explicitly take into
consideration human behaviour and perception. For example, recently a threshold-based
information strategy was designed which incorporates principles of loss aversion to increase
effectiveness in terms of user compliance (Vreeswijk and Van der Sluijs, 2014). The
information strategy was developed for dynamic route information panels and designed to
activate ‘informing’, ‘advising’ or ‘directing’ strategies linked to traffic conditions. Based on
the principles of goal framing, the information was presented in an increasingly persuasive
manner when travel times exceed predetermined thresholds.

14.5 Recommendation for further research
In this final Section we discuss further research directions following from the research
presented in this thesis.
1. Rather than a one-off process, the process of repeated decisions including perception,
learning and adjustment should be considered to more realistically capture day-to-day
dynamics. Moreover, in case of incremental changes to the traffic system (e.g. each
day a small increase in travel time for 5 days in a row) it is intuitive that a thresholdbased concept like effective control space will not hold. Unlike the behaviour of a frog
in a pan that is brought to the boil, the cumulative change is likely to cause
behavioural response at some point even though each of the individual changes did not
exceed the threshold. In the context of travel information, Van Berkum and Van der
Mede (1993) proposed the use of a moving average which is based on the weighting of
successive good and/or bad experiences. An alternative and increasingly popular
approach to describe updating of perception is Bayesian learning which is based on
updated perceived probabilities based on prior knowledge and information (e.g.
Chorus et al., 2009). More recently, Carrion and Levinson (2013a) found that the
frequency of recent experiences exceeding a threshold could well predict switching
behaviour. To validate these theories, more research on the cumulative impact of
positive and negative experiences is needed.
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2. Results indicated that perception and choice behaviour are sensitive to referencedependency and user heterogeneity. It is essential to further explore the effect of
situational and individual differences to come to common denominators like choice
situations, choice strategies and driver types. Additionally, experienced travel times
and variability in system performance are not only the result of choices and external
influences respectively, but also of stochasticity in the traffic system. There is a need
to explore these variables together and derive probabilistic findings for perception
error and thresholds in addition to deterministic ones. Such insights may also
contribute to the improvement of for example random utility models and the definition
of the random component in particular.
3. Emerging information and communication technologies allow exploring new data
collection methods that may help to overcome the limitations of (combined) Stated
Preference and Revealed Preference approaches. Examples of such methods are online adaption of choice situations to real-life cases fitted to the profile of the
respondent (Reiter et al., 2013) and experience-based sampling. Experience-based
sampling uses a smartphone application to collect objective trip data, and is able to
gather subjective data by questioning the user timely and precisely about issues
relevant to the researcher (Van Essen et al., 2013). Additionally, using similar
technology it is interesting to evaluate the effect of social networks and group
dynamics on perception and choice behaviour (Bie et al., 2012a).
4. Perception updating or learning, including the effect of advanced traffic information
systems, was outside the scope of this research. However, it is interesting to
understand how perception evolves for example to determine how many experiences it
takes to notice an externally imposed change to the traffic system. Traffic information
is a relevant topic simply because it is more and more becoming an integrated part of
our daily life. Moreover, the literature indicated that learning by experience or
learning by travel information does not necessarily make travellers rational utility
optimisers, in some cases even on the contrary. Therefore it is vital to study the extent
advanced traffic information systems affect the findings presented in this paper. To
that end, the real-world driving experiment described in Chapter 12 has been repeated
only with provision of traffic information. The data is to be analysed.
5. An important implication of reference-dependency and loss aversion is asymmetry in
decision-making and irreversibility of effects. Although loss aversion was observed in
our findings on perception error and thresholds, it is interesting to study this topic in
more detail. For example, building upon the theoretical framework of effective control
space, we explored the possibility to define a framework that integrates theories of
loss aversion, indifference bands and user heterogeneity (Vreeswijk et al., 2013b). For
this framework (see Figure 56) the shape of the value function was derived from
prospect theory and reflects more sensitivity to losses than to gain. Indifference bands
were added for small time-effects, while the indifference band was larger for gains
than for losses. Finally, the value function was split to resemble user heterogeneity.
Although the three theories have been validated individually, there is insufficient
empirical evidence that proves the behavioural assumptions on the interactions
between the theories.
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Figure 56: Unified framework for loss aversion, indifference bands
and user heterogeneity
6. Mathematical formulation of behavioural theories based on empirical findings and
estimation of choice models to demonstrate model fit and model prediction was also
outside the scope of this research. Based on results which indicated that assumptions
based on travel time minimisation alone do not match the choice data there is need to
evaluate alternative approaches that better explain the data. For example, as a
derivative of this research, Van Essen et al. (2014) developed and evaluated a day-today route choice model incorporating the principles of inertial behaviour. As this
model performed equally well as a utility maximisation model on average, but both
excelled on different choice situations, exploring a hybrid approach which combines
both perspectives is a recommendable avenue for further research. Finally, in our
analysis of choice strategies we treated expected savings relative to choice alternatives
and experienced savings on the current route independently. To achieve a higher level
of realism it is recommended to examine the two simultaneously.
7. With regard to the effective control space it is not always evident which strategy will
yield the best outcome, especially not in a dynamic day-to-day context. Moreover,
with a search space that is constrained by indifference band thresholds and all
solutions inside this space satisfying user equilibrium conditions, there might be
important implications for solution uniqueness that need to be explored. Consequently,
dependent on the amount of drivers that will adapt their behaviour as well as
asymmetry and irreversibility effects, application of effective control space may
become inefficient on the long run. Therefore, a control strategy based on the
proposed framework might be set up with the help of some optimisation approach.
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Summary
Background
Mobility and the environment are high on the political agenda of almost every city, region and
national government, aiming for efficient and effective movement of people and goods. Due
to scarcity of public space the need to better utilise existing system capacity is widely
recognised. With Information and Communication Technology (ICT) rapidly emerging in the
transport arena, many European and national programmes have great expectations from the
provision of information to individual travellers enabling them to make better informed
decisions. In this context, a thorough understanding of the cognitive and behavioural
capabilities of travellers is crucial, especially when traffic management interacts with
individual travellers more closely and directly than ever. It is intuitive that transport strategies
that create unfavourable conditions for groups of individual travellers, such as increasing
travel time or cost, can account for negative effects on fairness, equity and acceptability. In
the worst case, transport strategies may become ineffective, or less effective than they could
have been, if it is insufficiently understood or incorrectly incorporated how travellers change
their behaviour in response to changes to attributes which they consider important. In
particular if these changes result from external forces like traffic management measures.
An emerging discipline addressing the human element is behavioural economics which is a
blend of (cognitive) psychology, social sciences and economics to study motives and
behaviours that explain deviations from perfect rational behaviour. A generic term for this
less than perfectly rational behaviour is ‘boundedly rational’ and is generally explained by
limited human perceptual, cognitive, and computational capacities. Over the past decades,
many researchers in different sectors have developed theories which showed that boundedly
rational behaviours are neither random nor senseless, but that they are systematic, consistent,
repetitive, and therefore predictable. It is particularly interesting to notice the conceivable
analogies between consumer purchase behaviour and traveller route choice behaviour, as well
as retailer marketing and transport strategies. A few decades ago, transport modellers started
to examine and incorporate the practical implications of bounded rationality into their models.
They focussed on two major areas of research: ‘user equilibrium based on behavioural
economics’ and ‘choice models’.
One of the founding premises of this thesis is that travellers will only alter their behaviour or
choice when the utility difference (e.g. travel time or price) in the transport system or their
trip, becomes larger than some individual-specific threshold. To understand exactly what
causes this behaviour is not trivial as many nuances affect the decision making process,
including (but not limited to) factors such as habit, reluctance to change, minimum
perceptibility, rejection of alternatives and satisficing heuristics. In the retail sector this
concept of an individual-specific threshold is already well understood and exploited.
The existence of a threshold implies the existence of an ‘indifference band’ or ‘range of
inattention’, which gives retailers an incentive to apply small price increments and increase
profit before customers will change their purchasing decision. In the transport context, the
analogy is that these thresholds can be used by policy makers, road operators and/or traffic
engineers an incentive ‘lever’ to modify choice attributes, which in turn will increase the
performance of the traffic system before travellers modify decision making. This thesis
presents the results from empirical research and aims to collect evidence and further develop
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the principles of a conceptual framework that exploits the premise of indifference bands and
thresholds in decision making.

Thesis contents
Based on the analytical complexity of thresholds and underlying behavioural phenomena, it
was concluded that empirical evidence and behavioural theories related to perception error is
a feasible and fundamental research orientation that may offer new views on decision-making.
If this is true that will affect and improve model predictions and more importantly will
highlight different and new policy implications.
The objective of this research is: to empirically measure users’ perception of time in traffic
and factors influencing time perception, for routes and signalized intersections, to assess
choice behaviour and the effect of perception error on choice outcomes, and to develop basic
principles for integrating the implications of thresholds in transport policy and traffic
management.
This thesis is split into five Parts and 14 Chapters. The first Part provides a general
introduction to time perception, day-to-day dynamics and data collection methods. Part II
focusses on results from the empirical research of travel time perception, awareness and
waiting time perception. Thereafter, Part III focusses on route choice and route switching
behaviour, followed by Part IV which demonstrates the practical implications of thresholds in
a scenario with a signalised intersection and a scenario with a service-level oriented route
guidance approach. Finally, Part V gives a comprehensive overview of the similarities and
differences between the findings from the empirical perception studies, the relation to choice
behaviour and day-to-day dynamics, and the usability of results and their implications for
transport policy and traffic management.

Conclusions
This section presents the main conclusions for the Chapter 2-13.
Time perception – Chapter 2 provides a literature review of past research efforts that are
relevant for the study of users’ perception of time at routes and signalized intersections. It
identifies the importance of time in transportation and provides background information on
the psychology of time. Based on empirical insights from reviewed work, the perception of
travel time and perception of waiting time, together with associated factors affecting these, are
discussed. It was found that perceived time often differs from objective time and that
perceived time better describes the experience of drivers than objective time. In addition,
drivers’ perceptions are, on average, fairly accurate in terms of direction and magnitude, but
widely variable and inaccurate on an individual level. Generally, drivers were unable to
observe fine differences in levels of service to the extent that the precision of their quality
perception was binary; being either ‘good’ or ‘not good’. Several studies have showed that
non-time related criteria may offer an explanation for choice behaviour. However, empirical
evidence for how drivers consciously or unconsciously weight such factors and how this
affects time perception is limited. Finally, some research indicated that the weighing process
is affected by scenario and individual factors, i.e. the choice set composition and driver
heterogeneity. The literature review shows however that empirical evidence is limited.
Day-to-day dynamics – Chapter 3 provides a theoretical framework of the day-to-day
decision-making process that, when compared to existing frameworks integrates the
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perspectives of perception and thresholds. The framework is based on a literature review of
past research efforts on day-to-day dynamics in choice behaviour and adjustment processes
that are relevant to understand the wider context of time perception. It was found that
perception bias may offer an explanation for the observation that ‘learning by experiences’ or
‘learning by travel information’ does not necessarily make travellers rational utility
optimisers, and in some cases quite the opposite results are observed. In the context of
judgement it was repeatedly found that drivers are ‘loss averse’ and weigh gains and losses
differently. One implication relates to reference-dependency which may cause choice
behaviour and perception in two identical states to differ as a result of different contexts.
Another important finding is that externally imposed changes to the traffic system may
coincide with the normal day-to-day variation and therefore may not be immediately
perceptible by drivers. Additionally, travellers may apply different decision-making
strategies, apply different choice strategies and reveal different route choice patterns. In the
context of this thesis it is important to notice the difference between inertial behaviour and
satisficing behaviour which is that drivers do, or do not, consciously search for choice
alternatives. For example, the decision-making strategy of satisficing behaviour is restricted
by comparing the performance of the current choice against some experience-based
expectation of that choice option. It is also relevant to consider the cognitive difference with
habitual behaviour: that in case of habit there is no disutility involved for the evaluation and
consideration of alternatives. Finally, there appears consensus among researchers that findings
on frequencies of choice strategies and thresholds cannot be generalised due to individualsituation-specific influences and that more empirical research is needed to validate them. The
purpose of the theoretical framework is to provide a common reference for the research in this
thesis and to highlight important relations as well as essential research orientations.
Data collection – Chapter 4 provides an overview of data collection methods that are relevant
for the study of travel time perception and waiting time perception. It discusses, based on
reviewed work in chapters 2 and 3, necessary methodological considerations, data
requirements and presents limitations, and derives the most fruitful directions for
experimental design. To reiterate, the foremost purpose of these studies is to be descriptive; to
observe perception and to better understand the relation between perception (error), choice
attributes, travel choice behaviour and thresholds. Several methods were considered such as
review of effect studies; evaluation of the effects of systematic manipulation of traffic
conditions; and analysis of observed choice behaviour. None of these was selected because,
for example, effect studies were barely available or too limited in scope, manipulation of
traffic conditions was unfeasible in the real-life conditions while controlled environments lack
the required level of realisms, and observed choice data only provide data on the choice
outcome and not on the behavioural process. Alternatively and after an assessment of sample
size-to-effort ratio, controllability and validity, different kinds of methods were selected such
as interviews, (video) surveys, panel data and a real-world route choice experiment.
Moreover, the research methods should provide both objective data and subjective data that
allow studying the correlation between actual time measurements and time perception. In
anticipation of the latest trends in choice analysis it was decided to pursue a balance between
Stated Preference (SP) and Revealed Preference (RP) methods to ensure the highest possible
level of validity with sufficient experiment control and a large enough sample size for
meaningful results. Therefore, the focus was set to combining the strengths of questionnaires
and real-world driving experiments for example through interviews immediately after the
(travel or waiting) time has elapsed or by addressing situations that are well known by the
respondents. Additionally, with effective questionnaire design, the right use of scales and
emphasis on comparative capabilities of users (i.e. relative perception of time) rather than the
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estimation capabilities, we believe that such an approach to study time perception can be
successful. To compensate for the fact that real-world conditions cannot be systematically
changed, normal fluctuation in real-world conditions due to day-to-day variability was
selected as a surrogate as the basis for the evaluation of relative perception.
Travel time perception – Chapter 5 and 6 focus on travel time perception and present the
results of two studies. In these studies perceived travel times from a survey were compared
with actual travel times from field measurements, for chosen and non-chosen routes. In the
Dutch city of Enschede, respondents were presented with choice situations and asked to
choose one route and provide their estimated travel times for both the preferred and
alternative routes. The results provide evidence for the ‘choice-supportive bias’ which
postulates that people are more likely to attach positive feeling to options they choose and
attribute negative features to options they reject. On both studies, the shortest time route was
chosen in 41% of the cases while the perceived shortest time route was chosen by 80-90% of
the respondents. In addition, respondents overestimated travel time in general but
overestimated the travel time of non-chosen routes more than the travel time of chosen routes.
Moreover, it was found that perception of travel time is affected by road hierarchy and route
directness, as more direct routes and routes higher up in the hierarchy were perceived as being
relatively faster, even when they were not the shortest time route. For example, perceived
travel times of high-hierarchy routes (e.g. orbital routes) were smaller than perceived travel
times of alternative routes, while in reality this was not the case. Further, perception biases for
travel times of non-chosen routes were larger when respondents were least familiar with the
route or with stronger preference for the chosen routes. This result indicates that behaviour
will be more difficult to change for the regular travellers. Moreover, it was found that
perceived travel times of familiar drivers were higher and less accurate than those of
unfamiliar drivers. This suggests that learning by experience makes drivers increasingly
pessimistic or perhaps cautious and, as indicated by literature, not necessarily better rational
utility maximisers. Integration of results suggested that travellers evaluate categorical
properties of routes in a specific order: first familiar routes over unfamiliar routes, then orbital
routes over centre routes, and lastly direct routes over indirect routes.
Awareness – Chapter 7 and 8 focus on user awareness and present the results of two studies.
The first study is a video-based survey that aimed to determine travellers’ ability to observe
changes in traffic volume and traffic light settings. It concerns the only study in this thesis for
which traffic conditions were systematically manipulated. The survey results show that
travellers are more sensitive to changes in traffic light settings than to changes in traffic
intensities, but in general they were unable to observe all changes in traffic conditions.
Additionally, a relative large group of travellers perceive the opposite of what they actually
experience. The second study concerned an online panel survey that was conducted on the
occasion of a new network-oriented signal control method at 7 intersections in real-life, which
reduced the network delay by 12% with even larger increases and decreases in delays at signal
groups of up to 40% as determined by microscopic traffic simulation. The results show that
the majority of the respondents had not noticed a difference, while most of those who had
noticed a difference had either no preference for the old or the new situation or preferred the
new situation. The respondents that had noticed a difference could estimate the size and
direction of the change fairly accurate mainly for changes larger than 10 seconds, but they
were unable to distinguish more than three levels of quality: better, no difference, worse. The
findings suggest that control methods which favour societal objectives over individual ones
are not necessarily perceived negatively by travellers. Overall, the results from the two studies
are in line with literature and confirm that user awareness is limited.
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Waiting time perception – Chapter 9 and 10 focus on waiting time perception and present the
results of two studies. Both studies addressed the accuracy of drivers’ perception of absolute
waiting time at signalized intersections (i.e. the ability to correctly estimate a waiting time)
and their level of awareness of differences in waiting time (i.e. the ability to notice whether
waiting times differ and to estimate such a difference). In both cases measurements of actual
waiting times were compared with perceived waiting times derived from interviews. In the
first study, a newly designed method was introduced which involved interviewing vehicle
drivers while they were waiting at the traffic light. In the second study, drivers were
interviewed in parking areas shortly after passing a signalized intersection. Actual waiting
times were measured manually in order to match them to individual drivers. Both studies
show that respondents on average could fairly accurately estimate the direction and magnitude
of the absolute waiting time, but had little sense of relative differences in waiting time.
Moreover, we found that drivers were not able to distinguish subtle differences but only two
distinct classes, e.g. short and long, acceptable and unacceptable, or expected and unexpected.
Generally, drivers’ perceptions were widely variable and especially so with small waiting
times overestimated and large waiting times underestimated. Further, it was found that actual
waiting time, number of stops in queue and the presence/absence of signal coordination are
the most important factors affecting waiting time perception. An unpredicted and repetitive
finding was that the vast majority of the respondents stated that their waiting time was shorter
than expected, even in case of large waiting times. Possible explanations are that the general
public’s opinion was exaggerated, that the expected waiting time of the respondents was
based on traffic lights in general and/or that (also) the expected waiting time was biased.
Finally, it was found that the perception error doubled when drivers thought that their
expectations were violated. Overall, the findings indicate that respondents could fairly
accurately estimate the order of magnitude of waiting times, were able to notice differences
waiting time if substantial, but were unable to precisely indicate these differences.
Choices – Chapter 11 presents the results of an analysis of inertial choice behaviour based on
expected and experienced savings. Route choice data from a real-world driving experiment
was used to study inertial behaviour and to estimate inertia thresholds. Expected savings were
defined as the difference between the expected travel times of two routes after run t-1,
assuming the driver will repeat the current choice at run t+1, whereas experienced savings
was defined as the difference between the experienced travel time of the current route for run
t and the expected travel time of the current route at run t-1. Overall it was found that on
average about one-quarter of the choices were inertial choices based on expected savings.
Moreover, when two alternatives have similar travel times or when non-travel time attributes
are dominant, the amount of inertial choices increases. For expected savings and based on lost
travel time for routes with an average travel time of 8 to 16 minutes, inertia thresholds up to
4.5 minutes or 30% of the average travel time were found, while thresholds in the order of 1.3
minutes or 13% were most common. For experienced savings, it was found that on average
roughly half of the choices concerned inertial behaviour. Inertia thresholds up to 3.31 minutes
or 37% of the average travel time were found, while thresholds in the order of 1.18 minutes or
11% were more common. As differences between routes were considerable, it appears that the
behavioural principles are general and systematic, but that the magnitude is probabilistic and
dependent on the choice set. Another sign of inertial behaviour and thresholds was that loss
related to switching was on average higher than loss related to repeating the current choice,
which suggests that switching requires a minimum expected loss. More generally, it appeared
that participants were loss-averse rather than gain-seeking, which made them switch-averse.
This is supported by the findings of four driver behaviour types and four choice strategies
which showed that the majority of participants hardly ever switched to adopt a travel time
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minimising strategy. Further, for expected and experienced loss in the range of up to 1.5-2
minutes there was no clear difference in the frequency of applied choice strategies. This might
be explained by driver’ limited ability to correctly judge (or care about) situations that involve
small travel time differences. Finally, switching behaviour could not be explained by
experienced savings as participants were much less responsive to experienced loss on the
current route as opposed to expected loss relative to the choice alternative.
Application – Chapter 12 and 13 focus on application and the implications of the concept of
‘effective control space’ in two different scenarios. Chapter 12 elaborates on the concept of
effective control space and the underlying conceptual framework. In addition, it demonstrates
the principles of effective control space and the implications for traffic management and the
resulting system performance based on a scenario with a signalized intersection as the main
control variable. The example shows that an indifference band for changes in waiting time
and an indifference band for travel time inequality outline a solution space for which all
solutions satisfy user equilibrium assumptions. The chapter demonstrates that such knowledge
on the effective control space may support road authorities to implement their measures most
effectively and improve the network performance. Chapter 13 integrates the principles of
effective control space in a service-level oriented route guidance approach. Evaluation of the
potential gain in network performance for different absolute indifference bands showed a
reduction in total travel time of 5% compared to user equilibrium, in case of an indifference
band of 4 minutes for a trip of approximately 22 minutes. The improvement in network
performance increases with an increasing indifferent band, up to 14% in case of an
indifference band of 10 minutes.

Main contributions
The most important scientific contributions of the research presented in this thesis are:
- Overview of the scientific literature and state-of-the-art of empirical findings on travel
time perception, waiting time perception and day-to-day dynamics in choice behaviour
and adjustment processes, and development of a theoretical framework for the day-today route choice decision process including perception and thresholds.
-

Review of data collection methods, weighing methodological considerations, and
development and evaluation of new data collection methods and approaches. Through
the application of these data collection methods: quantitative assessment of user
awareness, perception error, route choice behaviour, and related thresholds based on
empirical data.

-

Development of a new framework for traffic management, i.e. the concept of effective
control space, which integrates the basic principles of thresholds and exhibits policy
implications. In addition, demonstrate in two different scenarios and for two different
control systems that application of the framework substantially improves the
performance of the traffic system.

Societally, the central theme of many European and Dutch programmes (and globally many
more) is the provision of information to individual travellers to allow them to make better
informed decisions. As most attention in these programmes seems to be devoted to
technological, organizational, strategic and operational challenges, it appears that topics like
psychology, human behaviour, perception and decision-making are underexposed.
Paradoxically, by introducing measures based on information and communication
technologies, that interact with individual travellers more closely and directly than ever, while
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implicitly increasing the expectations of the cognitive and behavioural capabilities of these
travellers, the need for a better understanding of these topics may in fact be the most crucial
factor for success. This is also the reason why providers of traffic solutions and services have
expressed interest in this research: to develop strategies for mobility and traffic management
services that explicitly take into consideration human behaviour and perception.
Jacob Dirk Vreeswijk
Amersfoort, February 2015
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Samenvatting
Achtergrond
Mobiliteit en leefbaarheid staan hoog op de politieke agenda van bijna iedere gemeente,
provincie en overheid, met als doel het effectiever en efficiënter verplaatsen van personen en
goederen. Door schaarste van openbare ruimte wordt in toenemende mate onderkend dat de
bestaande capaciteit van het verkeers- en vervoerssysteem beter moet worden benut. De
opkomst van Informatie en Communicatie Technologie (ICT) in het mobiliteitsdomein heeft
er toe geleid dat veel Europese en nationale programma's hoge verwachtingen hebben van het
verstrekken van informatie aan individuele reizigers er vanuit gaande dat deze hiermee beter
geïnformeerde beslissingen kunnen nemen. In dat verband is het cruciaal de cognitieve en
gedragsmatige capaciteiten van reizigers te begrijpen, vooral omdat verkeersmanagement
nauwer en directer dan ooit in verbinding staat met individuele reizigers. Duidelijk is dat
verkeersmanagementstrategieën met nadelige gevolgen voor bepaalde groepen reizigers,
bijvoorbeeld toenemende reistijd of reiskosten, kunnen rekenen op negatieve reacties ten
aanzien van eerlijkheid, gelijkheid en acceptatie. In het slechtste geval zouden
verkeersmanagementstrategieën ineffectief kunnen worden, of minder effectief dan zou
mogen worden verwacht, als onvoldoende aandacht wordt geschonken of verkeerd wordt
verwerkt hoe reizigers hun gedrag veranderen als gevolg van wijzigingen in variabelen die zij
belangrijk vinden. Dit is mogelijk nog nadrukkelijker het geval wanneer deze veranderingen
het gevolg zijn van externe invloeden, zoals verkeersmanagementmaatregelen.
Een in opkomst zijnde discipline waarin de menselijke kant een belangrijke plaats inneemt is
de gedragseconomie. Gedragseconomie is een mix van (cognitieve) psychologie, sociale
wetenschappen en economie en is gericht op het bestuderen en verklaren van motieven en
gedragingen die afwijken van perfect rationeel gedrag. Een verzamelterm voor dergelijk
gedrag is ‘begrensde rationaliteit’ en wordt doorgaans toegeschreven aan beperkte
perceptuele, cognitieve en computationele capaciteiten van mensen.
In de afgelopen decennia hebben veel onderzoekers uit verschillende sectoren theorieën
ontwikkeld die laten zien dat begrensd rationeel gedrag niet willekeurig of achteloos is, maar
juist systematisch, consistent, en herhalend en daarom voorspelbaar. Het is vooral interessant
om de mogelijke overeenkomsten tussen het koopgedrag van consumenten en het keuzegedag
van reizigers, evenals de marketing van winkeliers en de strategieën van verkeersmanagers te
bekijken. Sinds enkele decennia zijn verkeersmodelleurs begonnen met het analyseren en
integreren van de consequenties van beperkte rationaliteit. De twee belangrijkste
onderzoeksrichtingen zijn: gebruikersevenwicht op basis van gedragseconomie en
keuzemodellen.
Eén van de principes die ten grondslag liggen aan dit proefschrift is de veronderstelling dat
reizigers alleen hun keuzegedrag veranderen wanneer een verandering in het nutverschil (bv.
reistijd of prijs) in het verkeers- en vervoerssysteem, groter wordt dan een bepaalde individuspecifieke grenswaarde. Het is niet eenvoudig om vast te stellen wat precies de oorzaak is van
deze gedraging aangezien er vele nuances bestaan. Mogelijke verklaringen zijn:
gewoontegedrag, onwil om te veranderen, minimale waarneembaarheid, afwijzing van
alternatieven en berustingsheuristiek. Wat in dit proefschrift als waardevoller wordt
beschouwd is dat de term grenswaarde het bestaan van een ‘onverschilligheidsband’ of
‘bandbreedte van onoplettendheid’ impliceert, die winkeliers de mogelijkheid biedt om met
kleine prijswijzigingen de omzet en winst te verhogen.
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In het geval van mobiliteit is de analogie dat grenswaarden beleidsmakers, wegbeheerders en
verkeerskundigen een handvat kunnen bieden om eigenschappen van het verkeers- en
vervoerssysteem te wijzigen op een dergelijke manier dat de prestatie van het systeem als
geheel verbetert. Dit proefschrift beschrijft de resultaten van empirisch onderzoek dat was
gericht op het verzamelen van bewijsmateriaal voor en het verder ontwikkelen van de
principes van een conceptueel model dat het bestaan van grenswaarden uitbuit.

Inhoud proefschrift
Op basis van de analytische complexiteit van grenswaarden en onderliggende
gedragsmechanismen, hebben wij vastgesteld dat empirisch onderzoek en gedragstheorie met
betrekking tot perceptiefouten een haalbare en fundamentele onderzoeksrichting is, welke
nieuwe inzichten kan geven in keuzeprocessen. In dat geval zal dit leiden tot betere
modelvoorspellingen en alternatieve en nieuwe inzichten voor verkeers- en vervoersbeleid.
De doelstelling van dit onderzoek is: empirisch meten van de tijdperceptie in het verkeer
evenals factoren die van invloed zijn op tijdperceptie, voor routes en verkeerslichten,
evalueren van keuzegedrag en het effect van perceptiefouten op keuzes en ontwikkelen van
basisprincipes om de consequenties van grenswaarden op te nemen in verkeers- en
vervoersbeleid en verkeersmanagement.
Dit proefschrift bestaat uit vijf Delen en 14 Hoofdstukken. Het eerste Deel geeft een algemene
inleiding op tijdperceptie, dag-tot-dag dynamiek en methoden voor dataverzameling. Deel II
is gericht op resultaten uit empirisch onderzoek naar reistijdperceptie, bewustzijn en
wachttijdperceptie. Daarna gaat Deel III in op routekeuze en routewisselgedrag, gevolgd door
Deel IV over de praktische implicaties van grenswaarden aan de hand van een scenario met
een geregeld kruispunt en een scenario met een service-level-gebaseerde methode voor
routeadvies. Tot slot geeft Deel V een uitgebreid overzicht van de overeenkomsten en
verschillen van de bevindingen uit het empirisch onderzoek, de relatie tot keuzegedrag en
dag-tot-dag dynamiek en de bruikbaarheid van resultaten en de gevolgen voor verkeer- en
vervoersbeleid en verkeersmanagement.

Conclusies
Dit gedeelte beschrijft de belangrijkste conclusies van de hoofdstukken 2-13.
Tijdperceptie – Hoofdstuk 2 geeft een overzicht van literatuur van eerder onderzoek, dat
relevant is voor verder onderzoek naar de perceptie van tijd bij routes en verkeerslichten. In
het hoofdstuk wordt het belang onderschreven van de factor tijd in mobiliteit en geeft een
inleiding in de psychologie van tijd. Op basis van empirisch verkregen inzichten uit eerder
onderzoek worden reistijdperceptie, wachttijdperceptie en van invloed zijnde factoren
besproken. Eén van de bevindingen is dat gepercipieerde tijd vaak afwijkt van de objectief
gemeten tijd en dat tijdperceptie een betere afspiegeling is van de ervaring en beleving van
automobilisten. Verder blijkt dat de perceptie van automobilisten gemiddeld redelijk
nauwkeurig is in termen van grootte en richting, maar op het niveau van individuen zeer
variabel en onnauwkeurig. Meer algemeen bleken automobilisten niet in staat om kleine
verschillen in serviceniveaus te onderscheiden en enkel een binair onderscheid maken: ‘goed’
of ‘niet goed’. Meerdere onderzoeken hebben aangetoond dat niet-tijd gerelateerde factoren
een verklaring kunnen bieden voor keuzegedrag. Echter, empirisch verkregen bewijs over hoe
automobilisten deze factoren wegen, bewust en onbewust, en hoe dit van invloed is op
tijdperceptie is maar beperkt beschikbaar. Tot slot, er zijn aanwijzingen dat het wegingsproces

Samenvatting

229

wordt beïnvloed door scenario- en individu-specifieke kenmerken, dat wil zeggen: door de
keuzeset en heterogeniteit van automobilisten. Uit het literatuuronderzoek bleek dat empirisch
bewijs beperkt is.
Dag-tot-dag dynamiek – Hoofdstuk 3 beschrijft een theoretisch model voor het dag-tot-dag
keuzeproces van reizigers welke in vergelijking met bestaande theoretische modellen de
perspectieven van perceptie en grenswaarden integreert. Het theoretisch model is gebaseerd
op literatuuronderzoek van eerder onderzoek naar dag-tot-dag dynamiek in keuzegedrag en
aanpassingsprocessen bij verandering die relevant zijn om de bredere context van
tijdperceptie te begrijpen. Uit het literatuuronderzoek bleek dat perceptiefouten een mogelijke
verklaring kunnen zijn voor het gegeven dat ‘leren door te doen’ of ‘leren door informatie’ er
niet noodzakelijkerwijs voor zorgt dat reizigers rationele nut maximaliseerders worden. In een
aantal gevallen bleek zelfs in tegendeel. In het kader van beoordeling door reizigers blijkt dat
herhaaldelijk is vastgesteld dat automobilisten aversie hebben tegen verlies en bovendien
winsten en verliezen anders wegen. Een implicatie hiervan heeft betrekking op referentieafhankelijkheid wat tot gevolg kan hebben dat het keuzegedrag en percepties in twee
identieke toestanden kunnen verschillen, vanwege verschillende context. Een andere
belangrijke bevinding is dat extern opgelegde veranderingen in het verkeers- en
vervoerssysteem kunnen samenvallen met normale dag-tot-dag variatie en daardoor niet direct
waarneembaar kunnen zijn voor automobilisten. Verder kunnen reizigers verschillende
redeneringen ontplooien, verschillende keuzestrategieën toepassen en verschillende
routekeuze-patronen onthullen. In het kader van dit onderzoek is het belangrijk om het
verschil tussen inertie en berustingsheuristiek te onderkennen, namelijk of automobilisten
respectievelijk wel of niet bewust zoeken naar keuzealternatieven. Bijvoorbeeld, de
keuzestrategie bij de berustingsheuristiek is beperkt tot het vergelijken van de prestatie van de
huidige keuze met een verwachtingswaarde voor die keuzeoptie gebaseerd op historische
ervaringen. Het is ook van belang om het cognitieve verschil ten opzichte van
gewoontegedrag te beschouwen: in geval van gewoontegedrag is er geen sprake van mentale
belasting voor het beoordelen en/of overwegen van alternatieven. Tot slot lijkt er consensus te
zijn onder onderzoekers dat de bevindingen ten aanzien van de frequentie van
keuzestrategieën evenals grenswaarden niet kan worden veralgemeniseerd vanwege individusituatie-specifieke invloeden en dat meer empirisch onderzoek nodig is om deze te valideren.
Het doel van het theoretisch model is om een referentiekader te bieden voor het onderzoek in
dit proefschrift en de belangrijkste relaties als ook de essentiële onderzoeksrichtingen te
accentueren.
Dataverzameling – Hoofdstuk 4 geeft een overzicht van methoden voor dataverzameling die
relevant zijn voor het onderzoeken van reistijd- en wachttijdperceptie. Voortbouwend op
hoofdstukken 2 en 3 worden relevante methodologische overwegingen, dataeisen en
aanwezige beperkingen besproken, waar vervolgens de meest kansrijke ontwerpen voor
empirisch onderzoek uit worden afgeleid. Ter herinnering, het belangrijkste doel van dit
proefschrift is te komen tot beschrijvende conclusies: om perceptie te analyseren en beter
inzicht te krijgen in de relatie tussen perceptie(fouten), keuzevariabelen, keuzegedrag en
grenswaarden. Uiteenlopende methoden zijn overwogen waaronder: review van effectstudies,
evalueren van effecten van systematisch manipuleren van verkeerscondities en analyseren van
waarneembaar keuzegedrag. Geen van deze methode is geselecteerd, bijvoorbeeld omdat
effectstudies nauwelijks beschikbaar zijn of een te beperkt blikveld hebben. Het manipuleren
van verkeerscondities in de praktijk is praktisch niet haalbaar terwijl gesimuleerde
omgevingen onvoldoende natuurgetrouw zijn en waargenomen keuzegedrag geeft enkel
inzicht in de uitkomst van keuzeprocessen en niet in het keuzeproces zelf. In plaats daarvan
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en na de verhouding steekproefgrootte versus benodigde kosten en tijd, beheersbaarheid en
validiteit te hebben vergeleken, zijn verschillende methoden geselecteerd zoals interviews,
(video) enquêtes, panel data en een real-life routekeuze experiment. Daarnaast moeten de
onderzoeksmethoden zowel objectieve als subjectieve gegevens opleveren om het mogelijk te
maken de correlatie tussen gemeten tijd en tijdperceptie te onderzoeken. In lijn met de
ontwikkelingen op het gebied van analyse van keuzegedrag is besloten om een goede balans
tussen Stated Preference (SP) en Revealed Preference (RP) methoden na te streven met als
doel een zo hoog mogelijk validiteitsniveau op basis van voldoende experimentele
beheersbaarheid en voldoende grote steekproefomvang om zinvolle resultaten te garanderen.
Om die reden is vooral aandacht geschonken aan het combineren van de sterke punten van
vragenlijsten real-life routekeuze experimenten, bijvoorbeeld door interviews af te nemen
direct na het verstrijken van de reis- of wachttijd, of door in interviews situaties op te nemen
die welbekend zijn bij de respondenten. Verder, met effectieve vragenlijstontwerpen, goed
gebruik van antwoordschalen en nadruk op vergelijkende vaardigheden van reizigers (ofwel
relatieve tijdperceptie) in plaats van hun inschattingsvaardigheden, zijn wij er van overtuigd
dat een dergelijke aanpak succesvol kan zijn voor onderzoek naar tijdperceptie. Ter
compensatie van het feit dat real-life verkeerscondities niet kunnen worden gemanipuleerd, is
er voor gekozen om de natuurlijke variatie van verkeerscondities door dag-tot-dag dynamiek
te gebruiken als surrogaat om relatieve perceptie te onderzoeken.
Reistijdperceptie – Hoofdstuk 5 en 6 gaan dieper in op reistijdperceptie en presenteren de
resultaten van twee studies. In deze studies zijn reistijdpercepties uit enquêtes vergeleken met
werkelijke reistijden uit metingen, voor zowel gekozen als niet gekozen routes. Respondenten
uit de Nederlandse stad Enschede kregen verschillende keuzesituaties voorgelegd en werden
gevraagd één route te kiezen en een reistijdschatting te doen voor zowel de voorkeursroute als
de routealternatieven. De resultaten leverden bewijs voor de ‘keuze-ondersteunende bias’,
welk stelt dat het meer waarschijnlijk is dat mensen positieve gevoelens verbinden aan
gekozen opties en negatieve eigenschappen toedichten aan afgewezen opties. In beide studies
werd in 41% van de gevallen de kortste route in tijd gekozen terwijl de gepercipieerde kortste
route in tijd door 80-90% van de respondenten werd gekozen. Verder bleek dat de
respondenten reistijd doorgaans overschatten, maar de reistijd van niet gekozen routes meer
overschatten dan de reistijd van gekozen routes. Bovendien kwam naar voren dat de perceptie
van reistijd wordt beïnvloed door de weghiërarchie en routedirectheid; meer directe routes en
routes hoger in de hiërarchie werden als relatief sneller beschouwd, zelfs als deze routes niet
de kortste routes in tijd waren. De gepercipieerde reistijden van routes hoog in de hiërarchie
(bijvoorbeeld singelroutes) waren lager dan de gepercipieerde reistijden van alternatieve
routes terwijl in werkelijkheid het tegenovergestelde het geval was. Verder bleek dat
perceptiefouten bij reistijden van niet-gekozen routes groter waren wanneer de respondenten
minder bekend waren met de route of een sterkere voorkeur hadden voor de gekozen route.
Deze bevinding geeft aan dat keuzegedrag van reguliere reizigers moeilijker is te veranderen
dan van niet-reguliere reizigers. Bovendien werd vastgesteld dat de reistijdpercepties van
automobilisten die bekend zijn met de routes hoger en minder nauwkeurig waren dan die van
automobilisten die onbekend waren met de routes. Dit suggereert dat automobilisten na
verloop van tijd steeds pessimistischer of wellicht voorzichter worden en, zoals ook
beschreven in de literatuur, niet noodzakelijkerwijs betere rationele nut maximaliseerders
worden. Combineren en verbinden van resultaten lijkt uit te wijzen dat reizigers de
categorische eigenschappen van routes in een specifieke volgorde verkiezen: eerst bekende
routes boven onbekende routes, dan singelroutes boven centrumroutes en ten slotte directe
routes boven indirecte routes.
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Bewustzijn – Hoofdstuk 7 en 8 behandelen het onderwerp ‘bewustzijn’ en beschrijven de
resultaten van twee studies. De eerste studie betreft een video-enquête gericht op het
onderzoeken van het vermogen van reizigers om veranderingen in verkeersaanbod en
verkeerslichtenregelingen op te merken. Het is de enige studie in dit proefschrift waarin
verkeerscondities op systematische wijze worden gemanipuleerd. De resultaten tonen aan dat
reizigers gevoeliger zijn voor veranderingen in verkeerslichtenregelingen dan voor
veranderingen in verkeersaanbod, maar doorgaans niet in staat zijn om alle wijzigingen in de
verkeerscondities op te merken. Bovendien bleek dat een relatief grote groep reizigers het
tegenoverstelde percipiëren van wat ze werkelijk hebben ervaren. De tweede studie betrof een
online panelonderzoek naar aanleiding van de installatie van een nieuwe netwerk-gebaseerde
regelmethode bij 7 kruispunten. Een verkeerssimulatiestudie liet zien dat als gevolg van deze
nieuwe methode de totale voertuigverliestijd af nam met 12%, terwijl per signaalgroep nog
grotere afnamen én toenamen werden vastgesteld, oplopend tot 40%. Uit de resultaten van de
studie bleek dat de meerderheid van de respondenten geen verschil had gemerkt ten opzichte
van de oude situatie, terwijl de meeste respondenten die wel een verschil hadden gemerkt,
ofwel geen voorkeur hadden voor een van beide situaties, ofwel de voorkeur gaven aan de
nieuwe situatie. Verder konden de respondenten die een verschil hadden gemerkt de grootte
en richting van de verandering vrij nauwkeurig schatten voor veranderingen groter dan 10
seconden, maar ze bleken niet in staat om meer dan drie kwaliteitsniveaus te onderscheiden,
te weten beter, geen verschil en slechter. Deze bevindingen suggereren dat regelmethoden die
maatschappelijke doelstellingen de voorkeur geven boven doelen van individuele reizigers
niet noodzakelijkwijs als slechter worden gepercipieerd door reizigers. De resultaten van
beide studies komen overeen met de literatuur en bevestigen dat de mate waarin reizigers
bewust zijn van wijzigingen in het verkeer- en vervoersysteem beperkt is.
Wachttijdperceptie – Hoofdstuk 9 en 10 bevatten de resultaten van twee studies gericht op
wachttijdperceptie. In beide studies is gekeken naar de nauwkeurigheid van percepties van
absolute wachttijd (het vermogen om de wachttijd juist te schatten) en de mate van bewustzijn
van verschillen in wachttijd (het vermogen om op te merken dat wachttijd verschillen en om
wachttijdverschil juist te schatten). Voor beide studies zijn werkelijke wachttijden vergeleken
met gepercipieerde wachttijden welke zijn bepaald door middel van interviews. In de eerste
studie is een nieuw ontworpen methode toegepast waarbij automobilisten werden
geïnterviewd terwijl zij stonden te wachten bij een verkeerslicht. In de tweede studie werden
automobilisten geïnterviewd op parkeerterreinen kort na het passeren van een kruispunt met
verkeerslichten. Werkelijke wachttijden werden handmatig gemeten zodat deze gekoppeld
konden worden aan individuele automobilisten. Beide studies wijzen uit dat de respondenten,
gemiddeld, de grootte en richting van absolute wachttijd redelijk nauwkeurig konden
schatten, maar weinig gevoel hadden voor relatieve verschillen in wachttijd. Het bleek dat
automobilisten subtiele verschillen niet opmerkten maar hooguit twee verschillende klassen
bijvoorbeeld lang of kort, acceptabel of onacceptabel, of verwacht of onverwacht. Op het
niveau van individuen liepen de gepercipieerde wachttijden sterk uiteen en werden kleine
wachttijden overschat terwijl grote wachttijen werden onderschat. Verder bleek dat de
werkelijke wachttijd, het aantal stops in de wachtrij en de aanwezigheid/afwezigheid van goed
gecoördineerde verkeerslichten de factoren die de wachttijdperceptie het meest beïnvloeden.
Een onverwachte en terugkerende bevinding was dat een grote meerderheid van de
respondenten de wachttijd korter vonden dan verwacht, zelfs bij grote wachttijden. Mogelijke
verklaringen zijn dat de publieke opinie aangaande verkeerslichten wordt overdreven, dat de
verwachte wachttijd van de respondenten was gebaseerd op verkeerslichten in het algemeen
en/of dat de er (ook) sprake is van een bias in de verwachte wachttijd. Tot slot bleek dat de
perceptiefout verdubbelde wanneer de automobilisten dachten dat hun verwachting niet werd
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waargemaakt. Samenvattend blijkt uit de bevindingen dat respondenten redelijk nauwkeurig
de ordegrootte van wachttijden konden schatten, dat ze in staat waren om verschillen tussen
wachttijden op te merken mits deze aanzienlijk waren, maar niet in staat waren een
nauwkeurige schatting te geven voor deze verschillen.
Keuzes – Hoofdstuk 11 beschrijft de resultaten van een analyse inertie binnen keuzegedrag op
basis van verwachte en ervaren besparingen. Voor deze analyse is gebruik gemaakt van
routekeuze data van een real-life routekeuze experiment om inertie te observeren en inertiegrenswaarden te schatten. Verwachte besparingen zijn gedefinieerd als het verschil tussen de
verwachte reistijden van twee routes na rit t-1, ervan uitgaande dat de automobilist de huidige
keuze bij rit t+1 zal herhalen. Ervaren besparingen zijn gedefinieerd als het verschil tussen de
ervaren reistijd van de huidige route voor rit t en de verwachte reistijd van de huidige route bij
rit t-1. Over het algemeen bleek dat inertie voor kwam bij gemiddeld één-vierde van de
keuzes. Bovendien, wanneer twee alternatieven vergelijkbare reistijden hadden of wanneer
een niet-reistijd attribuut dominant was kwam inertie meer voor. Voor verwachte besparingen
en op basis van verloren reistijd en voor routes met een gemiddelde reistijd van 8 tot 16
minuten, werden inertie-grenswaarden tot 4.5 minuten of 30% van de gemiddelde reistijd
gevonden. Grenswaarden in de ordegrootte 1.3 minuten of 13% kwamen het meest voor. Voor
ervaren besparingen bleek dat inertie gemiddeld in ongeveer de helft van de routekeuzes voor
kwam. Inertie-grenswaarden tot 3.31 minuten of 37% van de gemiddelde reistijd werden
gevonden, terwijl grenswaarden in de ordegrootte 1.18 minuten of 11% het meest voor
kwamen. Omdat de verschillen tussen routes aanzienlijk waren lijkt het erop dat de
gedragsprincipes algemeen en systematisch zijn, maar dat de ordegrootte probabilistisch is en
afhankelijk van de keuzeset. Een andere aanwijzing voor inertie en grenswaarden is dat
verlies door wisselen van route gemiddeld hoger was dan verlies bij het opnieuw kiezen van
de huidige route, wat suggereert dat wisselen van route een minimaal verwacht verlies vereist.
Meer algemeen lijkt het erop dat deelnemers verlies mijdend waren in plaats van winst
zoekend, waardoor ze een zekere aversie hadden tegen het wisselen van route. Dit wordt
bevestigd door de vier gedragstypen en vier keuzestrategieën die uit de data konden worden
afgeleid en waaruit bleek dat de meerderheid van de deelnemers zelden van route wisselt
vanwege reistijdbesparing. Verder, voor zowel verwachte als ervaren verlies tot 1.5-2 minuten
was er geen duidelijk verschil in de frequentie van toegepaste keuzestrategieën. Een
mogelijke verklaring hiervoor is het beperkte vermogen (of interesse) van automobilisten om
situaties waarin kleine reistijdverschillen voorkomen te beoordelen. Tot slot bleek dat
wisselen tussen routes niet kon worden verklaard door ervaren besparingen omdat deelnemers
veel minder gevoelig waren voor ervaren reistijdverlies op de huidige keuze dan voor
verwacht verlies ten opzichte van het keuzealternatief.
Toepassing – Hoofdstuk 12 en 13 behandelen de toepassing en implicaties van het concept
‘regelruimte’ in twee verschillende scenario’s. Hoofdstuk 12 gaat dieper in op het concept
regelruimte en het onderliggende conceptuele raamwerk. Op basis van een scenario met een
kruispunt met verkeerslichten als belangrijkste regelvariabele, laat dit hoofdstuk de
basisprincipes van regelruimte zien evenals de gevolgen voor verkeersmanagement en de
prestatie van het verkeers- en vervoerssysteem. Het voorbeeld toont aan dat een
onverschilligheidsband voor veranderingen in wachttijd en een onverschilligheidsband voor
reistijdverschillen leiden tot een oplossingsruimte waarbinnen alle oplossingen voldoen aan
de aannames van een gebruikersevenwicht. Dit hoofdstuk laat zien dat kennis over
regelruimte wegbeheerders kan helpen om hun maatregelen zo effectief mogelijk in te zetten
en de prestaties van het verkeer- en vervoerssysteem te verbeteren. Hoofdstuk 13 integreert de
principes van regelruimte in een service-level-gebaseerde methode voor routeadvies. Uit
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evaluatie van de mogelijke baten voor de systeemprestatie voor verschillende grenswaarden
voor de onverschilligheidsband blijkt dat een afname van de totale reistijd van 5% mogelijk is
bij bandbreedte van 4 minuten voor een rit van ongeveer 22 minuten. De systeemreistijd
neemt verder af als de onverschilligheidsband toeneemt, tot 14% bij een bandbreedte van 10
minuten.

Belangrijkste bijdragen
De belangrijkste wetenschappelijke bijdragen van het onderzoek in dit proefschrift zijn:
- Overzicht van de wetenschappelijke literatuur en de state-of-the-art voor empirisch
onderzoek naar reistijdperceptie, wachttijdperceptie en dag-tot-dag dynamiek in
keuzegedrag en aanpassingsprocessen, en de ontwikkeling van een theoretisch
raamwerk voor het dag-tot-dag routekeuze beslissingsproces met inbegrip van
perceptie en grenswaarden.
-

Review van methoden voor dataverzameling, afwegen van methodische overwegingen
en het ontwikkelen en evalueren van nieuwe methoden voor dataverzameling. Door
toepassing van deze methoden en gebruik van empirische data: kwantitatief onderzoek
naar onder meer bewustzijn, perceptiefouten en routekeuzegedrag en daarmee
samenhangende grenswaarden.

-

Ontwikkeling van een nieuw raamwerk voor verkeersmanagement (het concept
regelruimte) dat gebruik maakt van de basisprincipes van grenswaarden en daaruit
voortvloeiende beleidsimplicaties duidt. Daarnaast voor 2 verschillende scenario’s en
op basis van twee verschillende regelsystemen aantonen dat toepassing van het
raamwerk de prestatie van het verkeers- en vervoerssysteem als geheel aanmerkelijk
verbetert.

Dit onderzoek in een maatschappelijke context plaatsend valt op dat het centrale thema in veel
Europese en Nederlandse programma’s, en wereldwijd nog veel vaker, is: het verstrekken van
informatie aan individuele reizigers om hen zo in staat te stellen beter geïnformeerde
beslissingen te nemen. Aangezien in dergelijke programma’s de meeste aandacht lijkt te
worden geschonken aan technologische, organisatorische, strategische en operationele
uitdagingen, lijken onderwerpen als psychologie, menselijk gedrag, perceptie en
keuzeprocessen onderbelicht te blijven. Paradoxaal genoeg, gezien de opkomst van
maatregelen die gebruik maken van informatie- en communicatietechnologie die nauwer en
directer dan ooit in contact staan met individuele reizigers, terwijl impliciet de verwachtingen
van de cognitieve en gedragsmatige capaciteiten van deze reizigers toenemen, zou een beter
begrip van laatstgenoemde onderwerpen wel eens doorslaggevend kunnen voor het succes
van de maatregelen. Dit is ook de reden waarom leveranciers van verkeerssystemen en
mobiliteitsdiensten nadrukkelijk interesse hebben getoond in dit onderzoek: om nieuwe
strategieën te ontwikkelen voor mobiliteit- en verkeersmanagementdiensten die expliciet
rekening houden met menselijk gedrag en perceptie.
Jacob Dirk Vreeswijk
Amersfoort, februari 2015
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