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List of Terms
On-street parking place:

A parking place that is located within the right-of-way of a
street and, therefore, typically in the public domain.

Off-street parking:

A parking location that is located away from the street, often
indicating a parking lot or parking garage.

Smart car:

A car equipped with short-range communication technology.

Occupancy rate:

The rate of parking places that are occupied for a certain street
segment or area.

Turnover:

The number of cars that have occupied the same parking place
within a fixed timeframe.

Penetration rate:

The rate of cars that are equipped with communication
technology, i.e. smart cars
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Chapter 1
Introduction
1.1 Introduction
Cruising for parking is the phenomenon where drivers are cruising around in their car looking
for a suitable parking place, typically close to their final destination. Several estimates have
been made on the share of cars driving around in urban centers in search for a parking place
and the associated search time. The outcomes vary greatly. Based on a number of studies,
Shoup (2005, 2006) concludes that on average 30% of the cars in downtown traffic are
cruising for parking, resulting in an average search time close to over 8 minutes. Gantelet and
Lefauconnier (2006) report average search times of 3.3 minutes in Grenoble, 11.8 minutes in
Lyon and 10 minutes in the commercial district in Paris. A survey performed by Belloche in
the city of Lyon, France (Belloche, 2015), finds that search time varies between 1.5 minutes
and 9.7 minutes in various districts with high occupancy rates (above 85%).
Cruising for parking leads to a waste of time for the driver and unnecessary additional vehicle
kilometers, resulting in a waste of fuel and an increase in negative environmental
externalities. A study by Shoup (2005) on the UCLA campus reported a yearly 1.5 million
extra kilometers driven by cars looking for a parking space, using almost 180,000 liters of
gasoline and producing 728 tons of CO2. Cruising for parking may also cause congestion, not
only by parking maneuvers, but also by the low speed at which drivers are cruising. The
average cruising speed lies between 10 and 14 km per hour (Belloche, 2015; Benenson,
Martens, & Birfir, 2008; Inci, Van Ommeren, Kobus, & others, 2015). Congestion, in turn,
may even lead to more waste of resources and pollution caused by other drivers. These
negative externalities have been identified by local authorities as an important issue, the same
applies to the need to undertake action to reduce these externalities.
The three main approaches to influence the amount of cars cruising for parking are: (1)
parking supply; (2) pricing of parking; and (3) parking information.
The first approach to avoid or reduce cruising for parking is through the supply of parking
places. By increasing the supply (and assuming equal demand), the occupancy rate drops in a
street or an area, and therefore the chances of finding a parking place increase. Research
shows that cruising for parking hardly happens when occupancy rates are lower than 85%
(Shoup, 2005b) or even 90% (Martens, Benenson, & Levy, 2010). Thus, if parking supply
generously exceeds demand, cruising for parking will not occur. The supply of parking has
1
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traditionally be managed through minimum parking requirements for new land uses. Local
authorities typically enforce these norms through legally binding land use plans and planning
permissions (see Shoup (1999), who provides a critical discussion of the empirical basis of
minimum parking norms). Yet, minimum parking norms are not always successful in
guaranteeing sufficient supply for parking. First, demand for parking may change over time,
because of changes in land uses (for instance, if a business with a relatively low parking
demand is replaced by a highly car-dependent business) or because of changing
circumstances, such as increased car ownership, increased car use, or reductions in public
transport. Second, parking norms require the provision of off-street parking on the premises of
the proposed development. These parking places tend to be operated as private domain and
closed to the general public, so that incidental visitors to an area may still not be able to find
parking in the public domain, typically on-street. Third, parking norms have only been
introduced gradually over the past sixty years (Shoup, 2005b). Older parts of a city will
therefore typically provide limited parking, even though parking demand may be quite high.
This typically applies to city centers in European cities, but also occurs in older NorthAmerican cities. This imbalance between demand and supply may again be addressed through
additional supply, for instance through the provision of off-street public parking facilities.
Yet, these latter facilities are expensive to build and will therefore typically charge a price for
parking. They can thus only succeed in reducing demand for on-street parking if the pricing
level is comparable or lower than the price of on-street parking. As long as on-street parking
is for free or substantially cheaper than off-street supply, as is the case in many cities around
the world, the supply approach is unlikely to be effective in areas with high demand.
This brings me to the second approach to reduce cruising for parking: pricing (Shoup, 2005b,
2011). When the price for parking is increased, demand for parking decreases, assuming
alternatives are available either in terms of parking facilities, in transportation options, or in
destinations. In many cities around the world, on-street parking is free or cheap in comparison
to off-street parking. This results in increased demand for on-street parking in comparison to
off-street parking. In areas with limited on-street parking supply, this leads to cruising for
parking. The effectiveness of pricing as a strategy to limit cruising for parking is confirmed
by a study by Van Ommeren et al. (2012). They studied cruising in a range of Dutch cities. In
contrast to many cities, on-street parking in Dutch cities is typically as expensive or even
more expensive than off-street parking. As a result, search time is relatively low: Van
Ommeren et al. find that the average search time for parking is 30 seconds. This confirms the
claim of Shoup that pricing is essential to limit cruising time. According to Shoup, the price
of parking should be set so that the demand for parking matches the available supply. More
precisely, this market price of parking should be set in such a way that on average there is
vacancy rate of around 10%-15%. This ensures that drivers can easily find a vacant parking
place and so do not need to cruise for parking. As discussed by Shoup (1999), if the price of
parking is set too high, many parking places remain vacant and a valuable resource remains
under-utilized. If, on the other hand, the price is too low, demand will push the occupancy rate
towards 100%. This leads to drivers wasting time and fuel to find a vacant parking place,
which subsequently leads to traffic congestion and air pollution. This suggests that pricing is
the ideal means to avoid cruising for parking. However, demand for parking is not stable over
time and will change during the day, the week, and even during the year. Thus, in the ideal
case price should be dynamic. A good example of dynamic pricing is the SFpark concept in
San Francisco (“SFpark,” n.d.). Here, several streets are monitored for occupancy rate and the
local parking price is adapted dynamically. Pierce and Shoup (2013) report that the SFpark
pilot project resulted in a better distribution of parking occupancy level over the studied areas.
Additional studies on the SFpark pilot show however, that it is not necessarily due to dynamic
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pricing that changes in demand occurred (Millard-ball & Hampshire, 2014). They state that
the price changes were too small to cause a change in behavior. This was confirmed by the
fact that only after more than a year the SFpark project showed measurable changes in
parking occupancy and cruising. Another downside of dynamic pricing is that it creates
substantial uncertainty among drivers which adds to the inherent uncertainty in searching for a
parking place. Furthermore, for political reasons it is often not easy to implement higher
prices for on-street parking places, which are often owned by the municipality.
The third approach of reducing cruising for parking consists of the provision of information to
drivers. Without any additional information than tacit knowledge of an area, drivers only have
information on local occupancy rates by looking around when driving to the final destination.
This information, however, does not necessarily provide a reliable predictor of parking
occupancy rate on the street links the driver will pass on her way to the destination or after
passing the destination. In conditions of high occupancy rates this means that cruising for
parking is inevitably a fairly random way of searching for a parking place. If drivers are
provided with information on the location of available parking places, they could adjust their
behavior and focus on areas where the chances of finding a parking place are higher, thereby
potentially reducing cruising for parking. Information on parking availability can be provided
for off-street and on-street parking and at various levels of specification. For instance, the
number of vacant parking places in a parking lot can be displayed on variable message signs
located at the entrance of the parking lot or en-route to the city center. Additionally, within
parking garages information can be given to drivers on the number of free places at each floor
level. Caicedo et al. (2006) concludes that search time can be reduced by half for drivers that
are informed on the number of vacant places for each floor level in a parking garage.
Comparable information can be provided about on-street parking places, for instance by
informing drivers about the number of free parking places in a neighborhood or along a street.
Current technology even enables the provision of information at the level of a single parking
place, as will discussed below. By providing information on individual on-street parking
places a driver has more knowledge on the local parking situation than only the parking places
she has passed while driving around. Hence, as suggested by other scholars (Arnott & Rowse,
1999; Caicedo, 2010; Van Ommeren et al., 2012), cruising can be reduced as routing
decisions can be less random than in a situation without information.
All three approaches to influence cruising for parking have been studied extensively and have
been applied in the real-world. However, the third approach, the impact of information on
parking search, has primarily been studied in relation to off-street parking. So far, the
possibility of gathering and disseminating real-time occupancy information on on-street
parking places was non-existing. This is changing rapidly, fueled by smartphones and the
development of on-street parking place sensor technology. This has opened new ways of
gathering on-street parking place information and the subsequent use of this information to
reduce cruising for parking. A number of companies have already entered the market to
provide on-street occupancy information, making use of the widespread penetration of
smartphones and in-car navigation devices (“LA Express Park,” n.d., “SFpark,” n.d.,
“Streetline: Parker Mobile,” n.d.). Against this background, this thesis will focus on the
impacts of providing information on on-street parking availability on cruising for parking.

1.2 Information in transportation
In the domain of transportation, the role of information provision has especially been studied
in relation to route choice of car drivers. The extensive body of research (e.g. Bazzan et al.,
2013; Ben-Akiva, 1991; Ben-Elia, Erev, & Shiftan, 2007; Chang & Chen, 2005; H Dia, 2002;

4

Bottom-up Information Provision in Urban Parking

Hussein Dia & Panwai, 2007; Emmerink, 1996; Klügl & Bazzan, 2004; Levinson, 2003;
Mahmassani & Jayakrishnan, 1991; Qian & Zhang, 2013; Wahle, Bazzan, Klügl, &
Schreckenberg, 2002)) has analyzed the impacts for the individual driver receiving
information, as well as for the collective of drivers on a particular corridor. This latter
component is important as several studies on route choice have shown that system
performance can deteriorate when the fraction of drivers that receive and act upon received
information is relatively high (Qian & Zhang, 2013; Wahle & Bazzan, 2000). On the other
hand, when information is only available to a fraction of drivers, this can result in better
performance at the system level (Mahmassani & Jayakrishnan, 1991). In this case, only
informed drivers will change their routing and take an alternative route, and by doing so will
decrease the chance of congestion on the main route, which also benefits not-informed
drivers. Hence, a key issue in this context is the fraction of drivers that are provided with
information or the amount of people that will act based upon this information. Another
important aspect is the local traffic situation. The impact of information provision on the
amount of time that is saved, depends strongly on the traffic situation. The amount of time
saved under recurring congestion is greatest when traffic is close to maximum capacity.
Under this circumstance, a small change in traffic flow can substantially reduce travel times
(Levinson, 2003). In traffic situations with low saturation levels, dynamic route guidance does
not yield much improvements in travel time for individual drivers nor in overall travel time.
Furthermore, for recurring heavy saturated conditions there is often no viable advisable
alternative route, which obviously limits the benefits of information provision. For nonrecurring congestion, information supply can create the greatest time-savings, as it is hard for
drivers to anticipate this kind of congestion.
In the field of parking there is far less research on the effect of information provision to
drivers. The main body of research addresses static information provision about off-street
parking. This is partly due to the fact that other types of information were until recently not
available to drivers. This is now changing rapidly, as more information sources and more
detailed information on off-street parking and on-street parking are becoming available.
Facilitated by recent advances in wireless and mobile communication technologies, real-time
information provision on on-street parking places to drivers has become a practically feasible
possibility1. However, we lack knowledge on the impacts of such type of information
provision on on-street parking, implying that in-depth research is needed to investigate these
impacts. Considering the difference in performance between individual users and the overall
system regarding route-choice information, the same dynamics could apply to parking
information. Therefore, it is important to study the effect on individual, informed, drivers as
well as the overall system – the collective of drivers searching for parking.

1.3 Gathering and disseminating parking information
There are two general ways of gathering and providing information: top-down and bottom-up.
Traditionally, parking information is gathered top-down by parking organizations. For offstreet parking locations this can be a commercial party or the municipality. These
organizations gather the relevant information, e.g. actual occupancy rate, and disseminate this
in a top-down style. Drivers are informed by dynamic message signs on the occupancy rate of

1

Note that V2V (vehicle-to-vehicle) technology also offers potential for informing drivers in the context of offstreet parking locations (S.-Y. Chou et al., 2008; Geng & Cassandras, 2012; Shin & Jun, 2014; Srikanth et al.,
2009; Teodorović & Lučić, 2006; Tsai & Chu, 2012; H. Wang & He, 2011).
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the off-street parking location. Several studies have shown that applying centralized
dissemination systems for information provision can have a positive impact (Mathur & Jin,
2010; H. Wang & He, 2011). So far, hardly any comparable top-down systems for on-street
parking have been implemented. Local authorities typically do collect information on the use
of on-street parking places, but this information is primarily used for policy making purposes
and is hardly ever shared with drivers to inform them on vacant parking places.
The bottom-up approach is the second way of gathering and providing information on parking
places. In this case, information collection and provision is not the responsibility of a
centralized organization, but information is gathered and disseminated by local entities. In the
domain of parking this can be the car itself or a parking place sensor. Both a car leaving a
parking place and a parking sensor can disseminate information on an available parking place.
In the bottom-up approach, this information is disseminated to other local units in the direct
surrounding, i.e., to cars, which in turn pass on the information. By sharing the information
with cars that are within communication distance, each car can ultimately have information on
a larger area than the area that is within direct view. An example that comes close to the
bottom-up approach is the use of parking applications for smartphones. With these
applications, such as ParkTag (“ParkTAG,” n.d.), app-users inform other users that they are
leaving a parking place. This kind of apps do however still rely on a central server to process
the information and disseminate it to other users. Hence, this is essentially a hybrid form of
bottom-up and top-down communication. Another method for gathering top-down data on the
occupancy status of on-street parking places is by using sensor technology. Technological
advancements have made it possible to install small sensors in each on-street parking place
which monitors the occupancy status and is able to transmit this information wirelessly.
Multiple studies have shown that this type of distributed information provision can have a
positive effect (Caliskan, Graupner, & Mauve, 2006; Delot, Ilarri, Lecomte, & Cenerario,
2013; Vaghela & Shah, 2011; Verroios, Efstathiou, & Delis, 2011).
One of the advantages of a distributed way of collecting and providing parking data is that it
does not require a large amount of investment upfront in terms of an infrastructure in
comparison to a centralized method. Additionally, a distributed system is more easily scalable
in terms of the number of monitored parking places. The potential of this bottom-up approach
is underlined by the US Department of Transportation, which has identified comparable
wireless distributed technologies as important tools to overcome congestion and pollution
caused by cars looking for parking (US Department of Transportation, 2015). A more detailed
look into these bottom-up technologies for gathering and disseminating information will be
presented in Chapter 2.

1.4 Research aim, limitations and basic approach
The aim of this thesis is to increase knowledge on the impacts of bottom-up provision of onstreet parking information on cruising for parking. This general aim is too broad to be handled
comprehensively. Therefore, more specifically and in correspondence with the exploration in
the previous section, the impact of bottom-up information dissemination on the performance
of individual drivers and the system as a whole is studied. To study these impacts, a
simulation approach will be applied. The choice for the approach is based on the
consideration that no empirical data is available and an experimental setup impractical. The
chosen approach is further explained in section 1.5.
Starting from an abstract viewpoint, the role of information provision in urban parking is
systematically studied. The level of abstraction is reduced for every sequential chapter, in
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other words, the level of realism is increasing. This allows a systematic analysis of the
impacts of information provision in the parking domain.

1.5 Methodology
Parking search and choice behavior has been studied from a multitude of angles, applying a
variety of research methodologies. The most important research approaches include stated
preference surveys, revealed preference surveys, econometric modeling, and agent-based
modeling.
The first two approaches, revealed preference surveys (real-life setting) and stated preference
surveys (experimental setting), both stem from the tradition of behavioral analysis. The data
gathered through these surveys can be used to explain or predict human choice behavior. The
main approaches to analyze and understand the obtained (empirical or experimental) data are
discrete choice models (in case of discrete values) or regression models (in case of continuous
values). These models allow for the prediction of probabilities that a particular choice will be
made by an individual, based on e.g. socio-economic characteristics and attribute values of
the alternatives. The set of alternatives is called the choice set. Each alternative is described
by its attributes. Individuals value these attributes according to some utility. By combining the
utilities of all the attributes, an overall utility for every alternative can be calculated (e.g. BenAkiva and Lerman (1985)). Many different discrete choice models have been developed based
on the above principles (for an overview see Timmermans and Golledge (1990)). Discrete
choice models are widely used in the transportation field, e.g. to model mode choice. Within
the field of parking, discrete choice models have been used to model the choice for different
off-street parking locations (Asakura & Kashiwadani, 1994; Axhausen & Polak, 1991; Hess
& Polak, 2004; Hunt & Teply, 1993; Van der Goot, 1982; Van der Waerden, Borgers,
Timmermans, & Group, 2003). Driver preferences and the role of information in finding
parking facilities has been studied extensively using the same approach (e.g. (Khattak &
Polak, 1993; Teng et al., 2001; Thompson, Takada, & Kobayakawa, 1998; Van der Waerden,
Timmermans, & Barzeele, 2011)). These studies show that a wide variation exists in the
levels of driver awareness, understanding and usage of information systems or pre-trip
information, depending amongst other on the trip frequency, age and gender. Furthermore,
these studies show that the parking facility occupancy rate is the type of information that is
most preferred by drivers. Linear regression has been used to study cruising for parking (Van
Ommeren et al., 2012). This article studies cruising for parking using a nationwide random
sample of car trips. Van Ommeren et al. find that on average about 30% of the trips car
drivers appeared to be cruising for parking. Furthermore, the average cruising time per trip is
only 36 seconds. This implies that the average loss due to cruising time is rather limited.
The second approach, econometrical and game theoretical methods, can be used to model a
very broad set of economic problems. These methods allow for the systematic analysis of
parking policies and parking conditions. For instance, Arnott and Inci (2006, 2010) and
Arnott et al. (2013) explored the properties of a basic analytical model for saturated on-street
parking and traffic congestion in downtown areas during peak hours. Levy et al. (2013)
employ a econometrical model to analyze the impact of occupancy rate and demand-to-supply
ratio on cruising for parking. Also game theory can be used to model parking choice,
assuming several players (drivers) competing for the same scarce resource (parking places).
The resemblance with the previous approaches lie in the assumption of rational behavior of
the agents, notably perfect information and clear and stable preferences. Different methods
that involve game theory have been used in various studies, covering parking choice
(Kokolaki, Karaliopoulos, & Stavrakakis, 2013a; Kokolaki & Stavrakakis, 2014; Mejri et al.,
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2014) and parking assignment (Ayala, Wolfson, Xu, DasGupta, & Lin, 2012; S. Chou, Lin, &
Li, 2008).
The final approach to study and understand parking search behavior encompasses agent-based
models. Over the past decade, agent-based models, sometimes referred to as agent-based
models, have become widely used in transportation studies. An agent-based model is a
computer model that enables simulation of a variety of phenomena, e.g. in the field of
transportation, in a disaggregate way (Benenson & Torrens, 2004). The term agent in agentbased models is a generic term for every entity that is autonomous, reactive as well as proactive and that can interact with other agents and/or the environment (Wooldridge, 2000). The
biggest advantage of the use of agent-based models over other modeling methods is the ability
to study emergent effects. Traditional methods typically ignore the dynamics that arise from
interactions between individuals. Emergence is the occurrence of effects or phenomena at the
macro level that are not predefined in the behavior of the individuals. Another key advantage
of agent-based modeling over other approaches is the spatial component. The other modeling
approaches all have a mathematical approach to solving the addressed issues. The spatial
component of parking is typically neglected in these studies. As showed by Levy et al. (2013),
the spatial component is of high importance in the parking domain, and essential when it
comes to understanding competition over on-street parking places. Therefore, spatially
explicit agent-based models are valuable tools to study parking dynamics.
Within the field of parking research a number of scholars have used agent-based models to
study parking choice and parking dynamics. Van der Waerden has used an agent-based
model, called PAMELA, to study parking choice behavior in the Eindhoven region in the
Netherlands (Van der Waerden, 2012; Van der Waerden, Timmermans, & Borgers, 2002). A
similar technique was used by Dell’Orco et al. (Dell’Orco, Ottomanelli, & Sassanelli, 2003;
Dell’Orco & Teodorović, 2005; Dell’Orco, Teodorović, & Zambetta, 2003), to model parking
facilities management in combination with fuzzy set theory. Boehlé et al. used a non-explicit
spatial simulation model to study parking dynamics and information provision (Boehlé,
Rothkrantz, & Wezel, 2008).
The agent-based studies mentioned in the previous paragraph all lack an explicit spatial
environment in their simulation models. Spatially explicit agent-based models have been
developed and used by Dieussaert et al. (2009) to study parking search behavior and by
Waraich et al. (Horni, Montini, Waraich, & Axhausen, 2013; Waraich & Axhausen, 2012) to
study parking choice behavior. Furthermore, Benenson et al. (Benenson et al., 2008; Levy &
Benenson, 2015; Levy et al., 2013; Martens & Benenson, 2008; Martens et al., 2010) have
developed and used an agent-based model to study cruising for parking under various
circumstances.
Considering the mentioned approaches and the importance of the spatial component in these
models, for this thesis an agent-based model is used to study the impacts of parking
information provision. The three mentioned spatially explicit agent-based models are all
similar in nature and applicable in the context of this thesis. The agent-based model that is
used for this thesis is the model developed by Benenson et al. (2008), which is called
PARKAGENT. PARKAGENT is a spatially explicit, agent-based model for simulating parking in a
city. PARKAGENT enables the simulation of drivers’ parking behavior in a real-life or artificial
city, allowing for an in-depth analysis of the consequences of drivers’ local view of the
parking situation on the overall dynamics of the parking system. For this thesis this agentbased model has been adapted, e.g. to allow for information gathering and dissemination
between vehicles and parking places. In Chapter 2 an elaborate explanation of the
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PARKAGENT model is presented. In the next section, the theoretical substantiation of the agent
behavior is presented.

1.6 Modeling parking behavior within an agent-based model
A key component of any agent-based model is the modeling of agents’ behavior. In the case
of PARKAGENT, car drivers are considered individual agents. The behavior of these agents
searching for parking needs to be modeled. In this section, a brief overview is given of a
number of theoretical approaches to model human behavior, starting with the classical rational
choice theory and briefly exploring the theoretical concepts that have been developed in
reaction to the limitations of the rational choice theory. Subsequently briefly the way in which
parking behavior has been modeled in PARKAGENT will be described. A detailed description
of the behavioral models used in the various simulation studies will be given in Chapter 2.
The rational choice theory represents the classical approach to represent, explain and model
human behavior. The approach has been developed and is intensively applied in the field of
economics. As summarized in numerous publications (e.g. (Binmore, 2007)) the model
consists of five prerequisites:
1.

An actor

2.

A collection of alternatives actions

3.

A collection of (current and alternative) states

4.

A model that specifies the relation between the actions and the states

5.

An order of preference for the collection of states

The rational choice is the choice of an action, by a single actor, from the total set of
alternatives that results in the most preferred state. The basic scheme is based on the
following assumptions: (a) the decision-making actor has complete information on elements
2, 3 and 4; (b) the actor is characterized by a complete and transitive preference order; and (c)
the actor has a set of explicit rules for decision-making. Following the assumption on
complete information and transitivity, a rational choice can result in only one conclusion or
choice (Elster, 1989).
Rational choice theory has been severely criticized, giving rise to the term bounded
rationality, which incorporates three main dimensions of critique. First, the theory of bounded
rationality deviates from the rational choice theory, in the sense that it acknowledges resource
limitations facing human beings, in terms of knowledge, computational resources and time.
Second, preferences are not always stable over time or completely transitive. And third,
people do not always compare alternatives in a systematic way, but use simple heuristics or
shortcuts to make a decision. The term bounded rationality was first introduced by Simon
(1956). He suggested that humans do not show rational optimizing behavior but rather
’satisficing’ behavior. The word ’satisfice’ is a combination of satisfy and suffice. Simon
pointed out that humans do not have sufficient cognitive resources to be able to always
maximize their individual benefits. The theory of ’satisficing’ stresses that individual
decision-makers do not aim to find the optimal solution, but aim to find an acceptable
solution, given the most relevant criteria.
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The solution is often an optimal solution if the relevant decision-making costs are taken into
account as well (cost of obtaining information, calculation time).
Based on the work of Herbert Simon, Tversky and Kahneman (1974) extended the concept of
choice by bounded rational agents. They found that people systematically make false
considerations and that framing effects or structure of a decision can influence the choices
people make. Furthermore, people tend to make shortcuts in their decision-making. These
insights resulted in the so-called prospect theory that in particular adds the notion of risk.
Prospect theory states that decisions are based on loss aversion rather than utility
optimization. In general, people more strongly tend to avoid a loss than to acquire an equal
gain. Thus when losing a certain amount, the utility is lowered more than winning an equal
amount would raise utility (for an application in the field of transportation, see e.g. Chorus et
al. (2006)).
To formalize human behavior as described in the above two paragraphs, among others
discrete choice and regression models can be used. Within the field of agent-based simulation
these models have been used scarcely for modeling the behavior of agents. However, a
number of authors have done so. Antonini et al. (2006) have developed an agent-based model
for pedestrian movements by using a discrete choice model to make a choice on walking
speed and direction. Kickhöfer et al. (2011) use MATSim (Multi-Agent Transport Simulation,
http://www.matsim.org) to simulate trip choice, based on the utilities gained from three
components: performing an activity, arriving late on an activity and travel time. For a more
detailed review on the combination of discrete choice and agent-based models see Rieser et al.
(2009).
While having its own distinct roots, fuzzy logic is a modeling technique that is closely related
to bounded rationality (Zadeh, 1965). The basic idea behind fuzzy logic is the inherent
vagueness in human reasoning. People order and classify by using vague characteristics, e.g.
fast, slow, beautiful etc. This vagueness implies that the order of elements or preferences is
not transitive, as the boundaries are not sharp but vague. Fuzzy logic can be seen as a practical
formalization of one of the elements of bounded rationality, i.e. the violation of transitive
preference ordering. As such, fuzzy logic can be used, and is used, in agent-based systems to
model human decision-making. The technique of fuzzy logic has e.g. been applied by Dia and
Panwai (H Dia & Panwai, 2011; Hussein Dia & Panwai, 2010), in which they develop an
agent-based model based on fuzzy logic that simulates drivers’ compliance with travel advice
under the influence of real-time traffic information. Fuzzy logic is used for knowledge
representation of the factors that influence route decisions, notably socio-economic
parameters. Using fuzzy knowledge-based decision-making, Leephakpreeda (2007) presented
a car-parking guidance system. The system uses traffic signals for directing cars within a
parking lot to a free parking spot which meets the desired characteristics. The characteristics
are based on general preferences, i.e. ’not far from the exit’, ’close to a guard’ and ’high
number of hours in the shade’. These three characteristics are represented using fuzzy logic.
The behavior of driver-agents in the original version of PARKAGENT is to a large extent
assumed to match the assumptions of the rational choice theory. Drivers know beforehand the
price and the locations of the off-street parking options. Furthermore, the drivers always use
the shortest route to the destination. However, when considering the behavior regarding onstreet parking choice some inevitable uncertainty needs to be taken into account. This is so,
because non-informed drivers searching for parking will not know the number of available
parking places that lies on their route. Hence, this kind of choice behavior is inevitably a case
of bounded rationality and the modeling of the choice behavior should take this into account.
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Therefore, PARKAGENT has been adapted to these insights by implementing a fuzzy logic
approach. Due to these adaptations, the decision to park or not to park at the first available
vacant parking spot on the way to the final destination has been modeled as a ‘fuzzy’ tradeoff
between the distance to the final destination and the expected number of vacant parking
places on the remainder of the route.
A more in-depth description of the implementation of decision behavior of agents in
PARKAGENT will be presented in Chapter 2.

1.7 Overview of the thesis
The thesis consists of seven chapters. After this introduction, Chapter 2 presents the
PARKAGENT model that is used for all performed studies. For the purposes of the thesis, the
original PARKAGENT model has been changed in terms of implementing the aforementioned
fuzzy trade-off concept of decision making and extended to enable agents to gather,
disseminate and process information on parking availability. Next, Chapter 3 presents a study
on the impacts of on-street information provision to drivers using a vehicle-to-vehicle
communication strategy and a strategy that combines parking sensors and vehicle-to-vehicle
communication in a Manhattan-style grid environment. In Chapter 4, similar communication
strategies are studied while introducing heterogeneity in agent preferences and spatial
heterogeneity in the environment. In Chapter 5 a reservation system is added to the simulation
which allows smart cars to reserve an on-street parking place. In Chapter 6 a real-world
scenario is used to study the impacts of information provision. The simulations are run in the
historic city centre of Antwerp. The final chapter of this thesis addresses the conclusions on
information provision in the field of parking and discusses the research findings and
suggestions for future research.

Chapter 2
PARKAGENT
This chapter presents the simulation model that is used throughout this thesis: PARKAGENT.
The chapter consists of 5 sections. In the first section a general overview of the PARKAGENT
simulation model is given. Then, in Section 2, the main performance indicators are
introduced. In Section 3, the concept of information gathering and sharing is introduced. It
also discusses the implementation of the communication strategies that allow the agents in
PARKAGENT to share parking information. Section 4 describes another extension to the
PARKAGENT model, the ability to reserve a parking place. In Section 5 the agent behavior is
described for the different agent types. Finally, Section 6 concludes this chapter.

2.1 Parkagent - general overview
PARKAGENT is an agent-based spatially explicit simulation model suited for application in the
parking domain, the description below is based on the work of Benenson et al. (Benenson,
Levy, & Martens, 2012; Benenson et al., 2008; Benenson & Martens, 2008; Martens &
Benenson, 2008). The model is built by means of a geosimulation approach, for a more
elaborate description see Benenson et al. (2004). In this approach real-world entities are
represented as static and dynamic objects. Dynamic objects are characterized by the
incorporation of some sort of behavior, which enables them to change their location in space
or change their properties. Static objects mimic objects from the real-world, for instance
geographical entities such as streets, buildings, parking places. Each of these objects are
represented using a layer of features in a high-resolution geographical information system
(GIS). The dynamic objects in the present model are vehicles, which are also represented
using a distinct feature layer. Considering the fact that PARKAGENT is an agent-based
simulation model, the environment and especially the agents (vehicles) must have several
characteristics. The environment allows for interaction between agents and the environment.
Furthermore, the agents all are autonomous, reactive, proactive and can interact with the
environment and/or other agents (Wooldridge, 2002). This means the agents can act
independently and show goal-oriented behavior.
PARKAGENT is a discrete event simulation model which means that the simulation runs in
discrete time steps. The length of this time step is variable, but for the simulations performed
for this thesis the time step has been set to 1 second.
The next subsections describe the three main components of the PARKAGENT simulation
model: the environment, the agents, and the agent behavior in more detail.
11
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The environment

The environment in PARKAGENT consists of several geographical layers and some additional
informative tables. This allows for the representation of any city in the PARKAGENT model.
PARKAGENT contains the following layers:
 A street network layer
 A layer of buildings representing the destinations of car drivers looking for parking.
 A layer of on-street parking places
 A layer of off-street parking places
The street layer can represent an abstract street pattern, as well as a geographical accurate
road network containing information on traffic directions, turn permissions, and the type of
road. To allow for realistic navigation an additional table is used which stores the turn
permissions at each intersection. To allow for movement of the agents on this road network
the roads are divided into smaller segments, so-called road cells. For two-directional roads,
two lanes of road cells are created parallel to each other, where each lane services one driving
direction. The road cells are spaced evenly apart, by default this distance is set at 4 meter.
The second layer is that of the destinations. Destinations are represented by a layer of
buildings. Each building, or destination, can serve multiple purposes, such as housing,
commercial services or a work-environment. For each of the associated designations, the local
demand for parking can be expressed.
The third layer contains on-street parking places. This layer is constructed automatically by
the PARKAGENT initial setup scripts. Based on the existing road network, a parking place is
constructed adjacent to every road cell. After this setup procedure it is possible to remove
parking places, for instance to represent the actual number and location of parking places in a

Figure 2.1: Example of a simulation environment in Parkagent
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particular street. The attributes of a parking place are cost, parking restrictions and likeliness
for illegal parking.
The fourth and final layer encompasses off-street parking locations. This is a feature layer
composed of polygons that depict the different off-street parking lots. Each parking lot can
have multiple entrances and queues. Furthermore, a lot can have multiple floors on which the
agents are able to park. The overall number of parking places in the parking lot is defined as
an attribute, so are the parking costs. Besides the public off-street parking lots, there are also
off-street parking locations for residents or employees. Those parking places are an attribute
in the destination layer. Demand for parking for a specific location is first deduced from the
off-street supply. If the supply is depleted then agents will start to search for parking in
publicly available parking locations.
2.1.2 Agents
The main objective of the PARKAGENT model is to study parking (search) dynamics in an
urban environment. Therefore, PARKAGENT only represents drivers that are looking for
parking place, are parked at a parking place or have left a parking place. Through traffic is not
simulated in the regular version of PARKAGENT, nor is the entire trips of vehicles that are
looking for a parking place. PARKAGENT only simulates driver agents when they are on
average 400 meters away from their final destination. From that moment on, every move of
the agent is simulated, i.e. searching for parking, parking the vehicle and staying at the
parking location. Only when the agent’s activity has ended, the agent is removed from the
simulation. Hence, the parking place is vacated again. The actual driving from the parking
place to the next destination is not simulated.
The PARKAGENT model can represent four agent types: Residents, Guests, Workers and
Visitors. The type of agents actually depicts the activity the agent is going to pursue. Thus,
residents are heading home, while guests are visiting someone in a residential location.
Workers are agents that are going to their workplace. Finally, visitors are agents that are
visiting a working location, typically for a shorter period of time than workers. This last group
is reasonably diverse as it consists of agents that are shopping (daily and non-daily), conduct
visits to receive services, or undertake a leisure activity at a particular location.
Besides the difference in destination type, the agent types also differ in arrival time and
duration of parking. For every agent type a general range can be supplied in which the agents
arrive and for how long the agents stay parked.

2.2 Performance indicators
The objective of this thesis is to understand the impacts of parking information for individual
drivers and overall parking dynamics. In order to quantify these impacts, three performance
indicators are used throughout this thesis: search time, parking distance, and total parking
time.
Search time and cruising time are interchangeable terms. In this thesis the term search time is
used from now on. Literature on parking defines search time mostly as the time needed to find
a parking place once the driver has arrived in the destination zone or parking area in case of
on-street parking (Arnott & Inci, 2006b; Dieussaert et al., 2009; Gallo, D’Acierno, &
Montella, 2011; Shoup, 2005b), and as the waiting time to enter a parking facility, in case of
off-street parking facilities (Van Ommeren et al., 2012). The rather vague notion of a parking
area or destination zone does not provide a clear definition of when cruising for parking starts.
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The most precise notion on search time is defined by Benenson et al.: “…we register search
time as the interval from the moment the driver passes the location on the road closest to the
destination, until the moment she finds a parking place” (Benenson et al., 2008). For this
thesis a slight adoption of this notion is used to define search time. Throughout this thesis
search time is defined as the difference between the actual time needed to find a parking place
and the time needed to park at the most optimal parking place. The most optimal parking
place, is the parking place that is located closest to the final destination (typically, an on-street
parking place directly in front of the destination). The time needed to park at this optimal
parking place is defined as the travel time from the moment the vehicle enters the simulation
environment to the moment the vehicle parks at this optimal parking place, assuming the
driver follows the shortest path and does not encounter any congestion. Every agent that parks
the vehicle within the defined optimal time frame, for instance when parking en-route to the
destination, are considered drivers with zero search time. Since drivers in the simulation may
experience some congestion (as multiple vehicles may be searching for parking), this
approach may result in a slight overestimation of search time. However, since the simulation
only covers the last stage of the trip, the overall congestion effects will be limited. Besides, as
congestion occurs in all simulated situations, it remains possible to compare differences in
search time across the simulation runs and across the various scenarios.
Parking distance is defined as the air distance (‘as the crow flies’) between the parking
location and the final destination. The air distance underestimates the real distance between
the parking place and the final destination in most cases. Hence, for the calculation of time
needed to walk this distance a relatively low average walking speed is considered to counter
this effect, i.e. 3km/h.
The third performance indicator, total parking time, consists of a combination of walking time
and search time. It defines the overall time that is spent in the parking process:
(2.1)
Where:
dw = air distance between parking place and final destination
Vwalk = walking speed
St = search time
The distance between the parking place and the final destination is multiplied by two to take
into account that this trajectory has to be walked two times: to the final destination and back
to the vehicle.

2.3 Parkagent information module
This section introduces the concept and implementation of information gathering and
disseminating in PARKAGENT. In section 2.3.1 the different information provision techniques
are presented. Section 2.3.2 discusses the implementation of these techniques in the
PARKAGENT model.
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2.3.1 Bottom-up information provision
The aim of this thesis is to study the impact of bottom-up information provision on parking.
Here, the general working of this way of information provision is described. For this thesis
two main systems are distinguished: a system based entirely on communicating vehicles
(termed Vehicle-to-Vehicle communication, V2V) and a hybrid system that combines
communicating parking place sensors with communicating vehicles (termed Sensor-toVehicle communication, S2V in what follows).
The first system of bottom-up information provision is entirely based on interaction between
vehicles. This system can be placed among the umbrella term Vehicular Ad-hoc Networks
(VANET) (Leontiadis & Mascolo, 2007; Prinz, Eigner, & Woerndl, 2009). VANETs allow
for sharing information among nodes in a network using bottom-up dissemination. Given their
attributes, VANETS are especially applicable for disseminating on-street parking place
information. The vehicular network is formed by mobile units, i.e. vehicles, which are able to
send and receive data via wireless technologies. The type of wireless technology is called
dedicated short-range communication, DSRC. Every entity in the vehicular network is
equipped with communication technology so it is able to gather information and distribute this
information to nearby nodes in the network. Due to the limited spatial range of this
technology, as well as by the temporal nature of the information, the networks are referred to
as ‘ad-hoc’. Beside V2V communication there are other derivatives that also pertain the
concept of VANET information management. These are vehicle-to-infrastructure
communication (V2I), a hybrid communication architecture consisting of both V2V and V2I,
and more recent vehicle-to-pedestrian (V2P) communication (N. Liu, Liu, Cao, Chen, & Lou,
2010).
VANETs have the advantage that they allow gathering and disseminating information in a
dynamic and fast way. The versatility and robustness of the VANET principle makes it
perfect for use in a parking context. Due to the frequent changes in availability and the spatial
distribution of parking places, up-to-date information is crucial. Another important aspect of
VANETs is the way information is disseminated. VANETs enable bottom-up information
gathering and dissemination, instead of centralized dissemination. Bottom-up information
dissemination ensures that the system is robust and does not dependent on a centralized
service (organization and/or computer facility) for collecting and providing information to
vehicles in the network. Important to note is that a technology such as V2V can, and is likely
to, be implemented gradually. For instance, only newly built vehicles may be equipped with
this onboard technology, without the need to retrofit the existing fleet of vehicles to enable
communication through V2V too. In case this technology is introduced in this way, the
gathering and dissemination of information will be limited, considering only equipped
vehicles are able to gather and disseminate messages. The implication is that the information
on parking availability will be less complete, since only those places that were left by a
vehicle with V2V technology are reported.
The second, hybrid, way of bottom-up information provision combines parking place sensors
with communicating vehicles (sensor-to-vehicle communication or S2V). The parking place
sensors are small-sized sensors, which can be installed at on-street parking places to monitor
the current occupancy status. When all parking places are equipped with these sensors, a
complete overview of the local parking situation can be obtained. Furthermore, these sensors
are able to communicate with nearby infrastructure on the vacancy status. The infrastructure
is then able to communicate this information to a centralize system or to nearby vehicles.
Another way to overcome incomplete information is by equipping service vehicles or taxi’s
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with sonic sensors to collect information on available parking places (Mathur & Jin, 2010).
However, this still results in slightly outdated or incomplete information, as vehicles that are
equipped with the technology will not visit every street continuously.
The actual messaging protocol between units in a V2V or V2I network can differ. Several
methods of how to exchange messages exist, for instance push based dissemination or
broadcasting-based dissemination (Kakkasageri & Manvi, 2014). In this thesis the
neighborhood broadcasting method is assumed, also called a gossip protocol (Das, Nandan, &
Pau, 2004; Tasseron & Schut, 2009). This method allows for the transmission of messages in
all directions. The method is used first and foremost because it is simple. Second, information
on parking should be disseminated in all directions, contrary to applications which distribute
traffic jam information where the information is disseminated upstream. Third, the goal is to
show whether it is useful to share information at all, not to find the most efficient method to
distribute information.
2.3.2 Implementation of bottom-up information gathering and dissemination in
Parkagent
This section describes the way information on on-street parking place vacancy is disseminated
for both the V2V and S2V communication strategies in the PARKAGENT model.
The first strategy, the vehicle-to-vehicle communication strategy, allows for the agents (i.e.
the vehicles) in PARKAGENT to communicate with each other. These agents or vehicles are
called smart cars (throughout this thesis the terms vehicles and cars are used interchangeably).
The smart cars are able to send messages to other smart cars. The communication between
cars is bound to several limitations. Smart cars can only send and receive messages within a
fixed transmission range of 200 meters, which has been shown to be a feasible distance in an
urban context (Demmel, Lambert, Gruyer, Rakotonirainy, & Monacelli, 2012). Furthermore,
smart cars do not transmit messages continuously; the transmission interval is set to 5 seconds
intervals.
The message that is created and shared among smart cars consists of several attributes, which
is graphically represented in Figure 2.2.

Database
Message 1
Message 2
Message 3
…

Figure 2.2: Message attributes

Message
ID = Unique ID
t = Timestamp
<Lat, Long> = Location of
parking place
isOccupied
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Each message gets a unique ID, the timestamp at which the message was created, the exact
location of the parking place, and an attribute signifying the type of message. The latter
attribute in the message denotes the type of situation the message was created for. As stated
before, messages are created in two situations: when a parking place becomes vacant and
when a parking place has become occupied.
Upon reception of a message the smart car can save the message in three different databases.
All databases have a limited capacity, and only the most important messages are stored. First,
there is the public database, which stores all received messages on parking places that became
vacant recently, i.e. the messages with the latest timestamps. Second, there is the database on
occupied parking places. This database stores the most recent messages on parking places that
became occupied. Finally, there is the private database, this database stores only messages on
parking places that are vacant and close to the final destination. When a message on an
occupied parking place is received, the system checks the public database and the private
database for this particular parking place. If the database contains a message on this parking
place it will be removed from this third database, to ensure that the smart car has up-to-date
information on the vacant parking places. The smart car will broadcast the public database
and the database with occupied parking places to nearby cars once in every transmission
interval. This way every car act as a carrier of the messages in the network. Due to this
mechanism it is possible for a message to hop from one car to another and traverse the
network a distance that is a multitude of the initial transmission range.
The second communication strategy, S2V, introduces sensor technology in the PARKAGENT
model. The sensors that are introduced are located in every on-street parking place (and in
Chapter 6 also in every off-street parking facility) and are able to monitor the vacancy status
of the parking place. Additionally, the sensor is able to broadcast a message every
transmission interval when it is vacant. When a vehicle parks at a parking place, the sensor
sends out a one-time message only to nearby vehicles on the updated status. From that
moment on the sensor is silent until the vehicle leaves again. The sensor-based strategy builds
upon the vehicle-to-vehicle strategy, in that it also relies on cars that communicate with each
other. However, on top of that cars are able to communicate with the sensors. Since the
sensors are able to continuously broadcast the vacancy status, the sensor strategy allows smart
cars to have more complete information on the actual local parking situation. This implies that
they are less dependent on the penetration rate of vehicles with communication technology to
receive up-to-date information. The sensors make use of the same communication technology,
and are thus bound to the same limitations, as the smart cars: a maximum transmission range
of 200 meters and a transmission interval of 5 seconds.
A more in-depth discussion of the workings of both communication strategies can be found in
Chapter 3.

2.4 Parkagent reservation module
Parking information does not guarantee that a smart car finds a selected parking place vacant
upon arrival, as it may still be possible for another car to occupy the identified parking place.
To overcome this issue, an additional feature for the smart cars is introduced. Namely, the
possibility to reserve a parking place in order to prevent other vehicles from occupying the
desired parking place. In line with the principle of bottom-up information gathering and
provision, reservation management is administered in a similarly distributed fashion. Each
parking space manages the reservation process on its own. This way no central agency is
needed to monitor vacancies, requests and reservations. In order for a reservation scheme to
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Request
ID = Unique ID
t = Timestamp
parkID = Parking place ID
driverID = ID of smart car
<Lat, Long> = Location of
parking place

Confirmation
parkID = Parking place ID
t = Timestamp
driverID = ID of smart car
<Lat, Long> = Location of
parking place

Figure 2.3: Request and confirmation attributes
work, a couple of enhancements have been made to the existing procedure of information
provision. Cars now have the capability of sending out a request for a vacant parking space,
and are able to receive confirmations on said requests. Furthermore, each parking space is
changed from an entity that is only able to send out messages at regular intervals to a node in
the system that needs to manage requests and send out confirmations.
Due to the introduction of the reservation possibility for smart cars, the information system in
the car features two more databases: a database holding requests and one holding
confirmations. Both databases are, equally to the initial databases, limited in size.
Additionally, the internal process for these agents is changed. In case a car finds a particular
parking place suitable for parking, the car sends out a request to reserve this parking place.
Simultaneously, the car sends out a reservation request for the second-best parking place in
the private database, which acts as a backup option. Figure 2.3 presents the different attributes
for these requests. They are sent to nearby cars and nearby parking nodes (the parking
sensors). The other cars act as carriers and send the requests on to other nearby cars and
parking sensors. When the request is received by the parking node that manages the
reservations for the requested parking place, it will check if the place is still empty and not
already reserved (for a detailed flowchart on this process see Figure 2.4). If the place is indeed
still available, it will send out a confirmation (for the attributes see Figure 2.3) of the
reservation for the specified vehicle and an indicator light on the sensor signals that the
parking place has become unavailable. Similar to the process of a request, the confirmation is
carried on by smart cars in the network, in this way also informing the car that sent out the
reservation request.
The reservation mechanism and the information process within the parking place sensors is
described in more detail in Chapter 5.
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2.5 Agent behavior
This section presents assumptions underlying the driving behavior that are implemented in the
PARKAGENT simulation model in the first subsection. The section thereafter present the
updates to the driving behavior that have been made to incorporate informed decision making.
The last subsection presents the behavioral changes that have been to enable for parking
reservations.
2.5.1 Behavior of regular agents
The actual searching behavior of agent-drivers in PARKAGENT is modeled as a sequential
process of two steps. In the first step, agents make a choice between on-street parking in a
particular area or off-street parking in one of the available parking facilities.

Figure 2.4: Reservation process in parking place sensor
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If an agent selects on-street parking, it enters the second stage, in which the agent drives
towards the destination and has to select a particular on-street parking place. The modeling in
each stage is based on different premises, based on an understanding of the knowledge of the
driver.
In the first stage, the behavior is categorized as rational behavior, because we assume the
driver has complete knowledge of available facilities and prices. Drivers who select on-street
parking enter the second stage, in which they drive towards the destination in search for an
available parking place. In this stage, rational choice based on full information is impossible
because of the fact that drivers have inherent uncertainty about the number of vacant parking
places that lie ahead. Hence, the premise of full information is not met. Therefore, the regular
parking choice behavior of the driver agents is modeled based on fuzzy logic. The decision to
park or not to park at the first available vacant parking spot on the way to the final destination
is based on a ‘fuzzy’ tradeoff between the distance to the final destination and the expected
number of vacant parking places on the remainder of the route. This process, which is further
adjusted for smart cars for the scenarios with parking information and parking reservation (see
below), is formalized as follows (see also (Benenson et al., 2008; Martens & Benenson,
2008)).
The agents estimate the number of free parking places ahead by looking around and
monitoring the number of vacant parking places and the number of occupied parking places.
The fraction punocc is the fraction of unoccupied parking places:
(2.2)
where Nunocc is the number of unoccupied parking places and Nocc is the number of occupied
parking places.
The agent’s knowledge of the fraction of unoccupied parking places is used for the decision to
park at an encountered vacant parking place. As soon as the agent finds an unoccupied
parking place, it calculates the expected number of vacant parking places before it reaches the
final destination, called Fexp:
(2.3)
where ddest is the distance between the current location and the final destination, and lpark the
average length of a parking place in the simulation environment. The probability P(D) that a
driver will not park the car at the vacant parking place is based on:
–

(2.4)

where the lower boundary, F1, and the upper boundary, F2, are threshold values that define
whether the agent drives on or parks the car. In the current model F1 = 1 and F2 = 3 are used
as boundary values. Thus, when the expected number of parking places is 3 or higher, the car
will always keep on driving. When the expected number of parking places is 1 or lower, the
car will always park at the first vacant parking place. For values in between these two
boundaries the probability P(D) defines that chance that the car keeps on driving.
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The routing behavior of the agents in this stage of the parking process is based on Dijkstra’s
shortest route method (Dijkstra, 1959).
When the agent reaches the final destination without having found a parking place, both the
parking place decision process and the routing behavior change. From this moment on the
driver is ‘really’ cruising for parking. This means that the agent is willing to park at any
vacant parking place that it encounters, as long as it is not too far away. The initial maximum
distance within which the agent is willing to park is set at 100 meters. However, this distance
grows over time as the agent becomes more ‘desperate’. Simultaneously, the routing behavior
changes from a shortest route principle to a heuristic based principle. The search heuristic
implies that the agent takes a random turn at the first junction it encounters after it has passed
the final destination. From that moment on, at every next junction the agent chooses a semirandom direction. From the possible directions the agent chooses between the lanes it has not
visited before and for which the next junction lies within the current search radius.
Eventually, if the agent does not find a suitable parking place within 10 minutes, the agent
gives up searching and leaves the simulation environment.
Note that the aim of this thesis is not to provide a rich conceptualization of the actual
decision-making process of selecting a parking place. Clearly, depending on the driver, the
destination and the circumstances, in some cases such a decision is a matter of habit, in others
strongly resembles a rational choice process. In the study, the aim is to represent driving
behavior in such a way that it is assumed to accurately represent overall parking occupancy
patterns on street.
2.5.2 Behavior of informed agents (‘smart cars’)
The standard choice behavior that is assumed for the agents in PARKAGENT, as described in
the previous subsection, is valid for smart car agents as well. There is only a small difference
for informed agents in comparison to regular agents. While a smart car is en-route to the
destination the private database gets filled with messages on parking places that are located in
walking distance of the final destination. At the same time the driver agent starts monitoring
the on-street occupancy level (as described above) the information system in the smart car
selects the best parking place that is stored in the private database. The best parking place is in
this case the parking place with the lowest travel time, defined as a summation of the time
required to drive to the parking place and to walk from the parking place to the final
destination. The navigation target is then changed to this parking place. Obviously, when new
information is received, e.g. the parking place is taken by another driver, or information is
received on a better parking place, the navigation target is updated. The term ‘best parking
place’ suggests that this is a rational decision, but this is not necessarily true. A fully rational
decision can only be made when having full information at the outset. Unfortunately, agents
do not have access to full information for two reasons. First, there is some delay between the
moment a parking place becomes vacant, or occupied, and the moment this information is
received by cars looking for a parking place. Thus, information is always slightly outdated
considering that within this timeframe the local parking situation possibly has changed due to
cars that arrive and egress. Second, for the scenarios in which not all vehicles are equipped
with communication technology, not all recently vacated parking places are reported.
Drivers of a smart car are, similar to drivers of a regular car, able to park at a parking place
en-route to the suggested best parking place. However, the driver will only consider parking
when the encountered parking place is closer to the final destination than the current
suggested parking place. When a smart car arrives at the suggested parking place and finds it
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already occupied, the system automatically selects the best alternative parking place. Again,
the best alternative parking place is chosen based on the lowest travel time taking into the
current position of the car.
Considering the above, the main difference between regular cars and smart cars is found in
the routing behavior. Instead of making semi-random movements towards and around the
final destination, informed agents are guided directly to the best vacant parking on which it
has received information.
2.5.3 Behavior of informed agents (‘smart cars’) able to reserve a parking place
The behavior of the informed agents is further adapted for the scenarios in which agents do
not only receive information on parking availability, but can also reserve an available parking
place. The general behavioral rules are identical for non-informed agents (‘regular cars’) and
informed agents (‘smart cars’), but have been slightly adapted to accommodate the ability to
reserve a parking place. As described in section 2.4, the agents are able to request a
reservation for a specific parking place. As long as the agent does not receive a confirmation
on this request, it behaves as a regular, non-informed, agent. Thus, it monitors the local
parking situation and can decide to park en-route to the destination. As soon as a confirmation
reaches the intended smart car, the information system in the car makes a decision whether to
change the navigation direction. If the car has not received another confirmation, then the
navigation direction will be changed. If however the car already received a confirmation on
another request, the system will reevaluate which parking place is the best considering the
current location of the car and the lowest overall travel time. The system will then change the
driving direction to the parking place on which it has received a confirmation and which is
best suited to the current situation. Furthermore, when the car has received a confirmation it
will only park at a vacant parking place when this place is closer to the final destination than
the reserved parking place. In the event that the smart car has passed the final destination, the
car will always park at an empty parking space it encounters along the way, regardless
whether it has received a confirmation on a requested parking space or not.

2.6

Summary

This chapter has given more insight in the methodology employed in this study to analyze the
impact of information provision in the field of parking. The core of the methodology is a
spatially explicit agent-based model. The model enables the simulation of different types of
driver agents. For this thesis agents represent the different vehicle types in the simulation
model. A main distinction is made between regular cars and smart cars. The behavioral
component of these agents combines rational and bounded rational behavior. In each of the
scenarios in Chapters 3 - 5, an artificial environment with agents is generated to explore the
impact of information and reservation under various conditions. In Chapter 6 the impacts of a
reservation system in a real-world context are explored. For this purpose, PARKAGENT will be
loaded with a real-world environment (city center of Antwerp) as well as realistic demand for
parking as derived from the Feathers activity-based model. But the analysis of the impacts of
parking information and reservation on parking is started with a study in a highly stylized
environment in Chapter 3.

Chapter 3
The potential impact of vehicle-to-vehicle and
sensor-to-vehicle communication in urban parking
Tasseron, G., Martens, K., & Heijden, R. van der (2015). The Potential Impact of Vehicle-toVehicle and Sensor-to-Vehicle Communication in Urban Parking. IEEE Intelligent
Transportation Systems Magazine, 7(2), 22 – 33.

3.1 Introduction
Studies have shown that the amount of cars cruising for parking can exceed one third of all
traffic in large crowded city centers (Shoup, 2005b). By either decreasing the amount of cars
cruising for parking or decreasing the cruising time per car, it is possible to reduce the
unwanted effects of this phenomenon, including pollution and waste of resources (time and
fuel). The provision of information to drivers on available on-street parking places may be
one way to achieve this (Van Ommeren et al., 2012). Such information can potentially be
beneficial for the overall system, as well as for individual drivers. Most cities provide drivers
with information on the occupancy rates of off-street parking facilities. Driver preferences and
the role of information in finding these facilities has been studied, e.g. (Van der Waerden et
al., 2011) and modeled (Van der Waerden et al., 2002). Spatial research on the impacts of
information on single on-street parking places on parking behavior is scarce, e.g. (Boehlé et
al., 2008; Kokolaki, Karaliopoulos, & Stavrakakis, 2013b), partly due to the fact that this kind
of information was non-existing until recently. This is changing rapidly, as a number of (startup) companies have entered the market to provide this type of information, making use of the
widespread penetration of smart phones and in-car navigation devices e.g. (“SFpark,” n.d.).
The aim of this paper is to explore whether information provision on on-street parking places
can indeed reduce search time for the individual driver as well as for the entire population of
drivers in search for parking places. Important to note is that information provision in the field
of parking is fundamentally different from information provision regarding route choice. In
many simulation studies on the impact of route information, drivers have the same origin and
destination (i.e. the start and end of the simulated road segments). Thus, drivers on the
highway de facto compete for the same space. Research has shown that overall system
performance can be harmed when a too large fraction of drivers is provided with information,
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e.g. (Wahle et al., 2002). In urban parking scenarios the origins and destinations are more
diverse, so drivers do not necessarily compete for the same space. Therefore it is not clear
from the outset whether information provision becomes less useful (or even harmful) with an
increase in the share of drivers who receive information.
There are various technologies to provide information on on-street parking places. One
possibility is the use of vehicle-to-vehicle communication using so-called Vehicular Ad-Hoc
Networks (VANETs) (Prinz et al., 2009). VANETs provide a way to share information
among nodes in a network using bottom-up dissemination. Given their properties, VANETS
are very suited for disseminating on-street parking place information. The network is formed
by mobile units (in our case, vehicles) that have the ability to send and receive data via
wireless technologies (i.e. dedicated short-range communication, DSRC). Every unit in the
network that is equipped with the communication technology can help to gather information
and then distribute this information to nearby nodes in the network. Because of the limited
spatial range of this technology, as well as by the short-term nature of the information, the
networks are referred to as ‘ad-hoc’. VANETs have the advantage that they allow for
gathering and disseminating information in a dynamic and fast way. The versatility and
robustness of the VANET principle makes it perfect for use in a parking context. Because the
frequent changes in availability and the spatial distribution of parking places up-to-date
information is crucial. Another important aspect of VANETs is the way information is
disseminated. VANETs enable bottom-up information gathering and dissemination, instead of
centralized dissemination. Bottom-up information dissemination ensures that the system is
robust and not dependent on a centralized service (organization and/or computer facility) for
collecting and providing information to vehicles in the network.
While a number of studies have analyzed the possible contribution of vehicle-to-vehicle
(V2V) communication to the management of road traffic, e.g. (Tasseron & Schut, 2009;
Wischhof, Ebner, & Rohling, 2005), and a few studies have explored the technical feasibility
in a parking context (Caliskan et al., 2006; Delot, Cenerario, Ilarri, & Lecomte, 2009;
Szczurek, Xu, Wolfson, Lin, & Rishe, 2010; Vaghela & Shah, 2011), no research exist that
has explored whether the use of V2V communication could actually lead to an optimization of
parking dynamics. This paper aims to start filling that void by studying the impact of bottomup information dissemination on the performance of individual drivers and the system as a
whole by using a simulation approach. In these simulations, we compare a bottom-up strategy
in which only vehicles can send and receive information (V2V communication) with a
strategy that combines on-street parking sensors (“Nedap Identification Systems,” n.d.,
“SFpark,” n.d.) capable of disseminating their status and vehicles able to send and receive
information (from now on referred to as S2V (sensor-to-vehicle) communication).
The paper is organized as follows. Following this introduction, we describe the way in which
car drivers are informed about on-street parking place availability through V2V and S2V
communication strategies (Section 3.2). In Section 3.3, we describe the set up of the
simulations as well as PARKAGENT, the agent-based modeling tool that has been used to run
the simulations. In Section 3.4, the results of the simulation runs are presented. We conclude
the paper with the conclusions and paths for future research (Section 3.5).

3.2 Description of bottom-up information provision
In this Section, we describe the way information on on-street parking place availability is
transmitted for both the V2V and S2V communication strategy, as well as the type of
information that is being communicated. Note that we distinguish between cars that are
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capable of communicating (V2V) and cars that are not. V2V-cars are able to send and receive
messages within a fixed transmission range of 200 meter, which has been shown to be a
practically feasible transmission distance, even under non-optimal conditions (Demmel et al.,
2012).
In the V2V communication strategy, a V2V-car will create and send out a message in two
situations. First, a V2V-car creates a message as soon as it leaves a parking place, making the
parking place available to other drivers. Second, a V2V-car creates a message when it
occupies a vacant parking place. The latter can help other V2V-cars to update their
information on available parking places. The messages are received by all V2V cars within
the transmission range, which will subsequently pass on the message to other V2V cars.
Important to note is that in the V2V communication strategy, unoccupied parking places at the
start of the simulation and departures of cars that do not have V2V technology will not lead to
the creation of a message.
In the S2V communication strategy on-street parking sensors are capable of sensing its
occupation status (available or not available), and able to communicate with nearby cars. The
sensors differ from V2V cars in the sense that they are not able to store or pass on messages
on other parking places. The sensors will transmit their status to nearby cars only when their
status is set to available, i.e. the parking place is unoccupied. Sensors have the same
transmission range as V2V-cars. As far as we know sensors in real life are not able to
communicate directly to vehicles (yet). They are connected to another infrastructural unit such
as a parking meter or a lamppost, which in turn is able to communicate with vehicles (V2I).
Although the S2V assumption is currently unrealistic, it is made to simplify the model,
knowing that the overall effect will not differ from using lampposts or parking meters.
The difference between the V2V communication strategy and the S2V communication
strategy is substantial, as in the V2V communication strategy the vacancy message is
transmitted only once, while in the S2V communication strategy the sensor continues sending
messages at regular intervals during the entire period that the parking place is unoccupied.
Furthermore, in contrast to the V2V communication strategy where messages are only
created by cars that enter or leave a parking place during the simulation period, in the S2V
communication strategy a message is also created and disseminated for initially vacant
parking places.

Message

Is ID already in
KBpriv?

Mpriv == # stored
messages in KBpriv?

Yes

Yes

Discard message

Is v < highest v
in KBpriv?

Yes
Re-rank messages in
KBpriv according to v

Store message with v,
d and t

Delete message with
highest v

Figure 3.1: Processing of messages for storage in private database
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V2V cars send out messages that consist of a number of attributes: (1) the ID, which is an
unique number identifying every parking place; (2) the timestamp, which is the moment when
the parking place became available; (3) the location, which is stored as a coordinate; and (4)
the availability status.
Each V2V-car that is looking for a parking place will filter messages on usefulness for own
use upon reception of the message. Messages are taken into consideration if the parking place
meets the walking distance criterion, which means that the parking place is within a certain
radius of the final destination. If the message meets the criterion it will thereafter be
processed. The message will be stored in a database and ranked according to the relative value
(v) of the parking place according to the process presented in Fig. 3.1. The value is based on
the travel time needed to get from the current location of the car to the location of the parking
place, and subsequently from the parking place to the final destination (Equation 3.1). A
higher value of v implies a less attractive parking alternative.

v

dc
d
 w
Vcar Vwalk

(3.1)

Where:
dc = distance between current position and parking place
dw = distance between parking place and final destination
Vcar = cruising speed of cars looking for a parking place
Vwalk = walking speed
Each V2V-car is equipped with three databases that are able to store messages: a private
database (KBpriv), a public database (KBpub), and a database (KBocc) with messages on
recently occupied parking places. The private database (Fig. 3.1) has a limited capacity
(Mpriv = Max. number of stored private messages). If the number of messages has reached
the maximum capacity and the new message has a higher value than the worst scoring
message in the database, the new message will replace the worst scoring message.
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Figure 3.2: Processing of messages for storage in public database

Chapter 3 – The potential impact of vehicle-to-vehicle and sensor-to-vehicle communication in urban parking 27

In addition to the private database, each V2V-car also maintains messages in a public
database for general use (Fig. 3.2). This public database holds a limited number (Mpub =
Max. number of stored public messages) of messages that are ranked according to age. When
the database has reached its maximum capacity, a newly arriving message will replace the
oldest message in the database if it has a more recent timestamp. In a similar fashion,
messages about recently occupied places are stored in a third database (KBocc), with the same
maximum size, ranked according to age. Upon reception of these messages the system will
delete the messages in the public and private database for which the following is true: an
exact match in the parking place IDs and the timestamp of occupation is later than the
timestamp of availability. In this way the public and the private database stay up-to-date. If
the car receives a message on the parking place the car is currently driving to and this
message states that the place has just been occupied, the car will then change its destination to
the second best option in its list.
All V2V-cars will broadcast, on a regular interval, the messages in their public database and
the occupied database to cars within the transmission range. Via this method messages on
availability of parking places can traverse the network in a short time period and thus provide
many drivers with information on the current parking situation.
In the S2V communication strategy the procedure of handling occupied parking places is the
same as in the V2V communication strategy. This means that messages about occupied places
are created only once. The reason for this is that the database with occupied places would
otherwise be filled completely with unavailability information of all the parking places the car
is passing at the current time step, as opposed to more useful messages on parking places
close to its final destination.
It is important to note that the above described method does not include a reservation system.
Thus, it is possible to arrive at a suggested parking place and to find it already occupied by
another car, which can be a V2V-car as well as a non-V2V-car. Furthermore, note that the
private and public databases can overlap, i.e. vehicles may broadcast messages to other
vehicles that are also stored in the private database and, thus, to potential ‘competitors’ for the
same parking place.

3.3 Simulation description
We use PARKAGENT, an advanced agent-based parking simulation model, to study the
impacts of bottom-up information provision on parking dynamics. The basic characteristics of
PARKAGENT are described in a paper by Benenson et al. (2008). PARKAGENT has been
used in several cities, among which Tel-Aviv (Benenson & Martens, 2008), Bat-Yam (both in
Israel), and Antwerp (Belgium). PARKAGENT has been validated for portraying realistic
parking behavior and being able to produce outcomes in terms of search time, parking
distance to the destination, and spatial distribution of parked cars, that correspond with real
world data for the aforementioned cities.
PARKAGENT enables the simulation of drivers’ parking behavior in a real-life or artificial
city, allowing for an in-depth analysis of the consequences of drivers’ local view of the
parking situation on the overall dynamics of the parking system. PARKAGENT is
programmed as a C#.NET ArcGIS application. It can be used to simulate an entire city with
more than 10,000 agents.
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A typical PARKAGENT simulation environment consists of four GIS layers: street network,
buildings, on-street parking places, and off-street parking facilities. The attributes of the
layers’ features can include parking permissions for street segments, number and types of
destinations in the building, and the capacity of parking facilities. The layers can be
constructed using an already existing urban GIS or from scratch.
The PARKAGENT simulations run by default at a time resolution of one second. At each of
these time steps, the agent advances zero or one road cells, decides to turn or not if at a
junction, or occupies a vacant parking place. The simulation updates the agents sequentially
and randomly for every iteration. Depending on the speed of the cars, the agent advances one
cell with probability p = speed (m/s) / cell size, and stays at the current road cell with
probability 1- p. In case of congestion movement is different. The agent checks if the next cell
is occupied. If so, the agent does not advance to the next cell at the current time step. For the
analysis of parking dynamics with bottom-up information provision we largely follow the
simulation environment presented in Levy et al. (2013).
They study parking behavior in a similar homogeneous environment as used by Arnott and
Inci (2010) and Arnott et al. (2013). These latter studies differ from the simulations presented
here, in terms of the aggregation level. Whereas Arnott and Inci (2010) and Arnott et al.
(2013) simulate urban parking on an aggregate level, with street segments as the most
disaggregate element, we study parking dynamics at a fully disaggregate level, representing
both individual drivers and parking places.
The street network used for the simulations is that of a grid (11x11 city blocks, 12
destinations and 96 on-street parking places on the inner ring of each block) (Fig. 3.3), which
not only resembles the street plans of many US cities, but also provides the best environment
for a systematic analysis of parking dynamics as it rules out effects of spatial heterogeneity.
On-street parking places are evenly spaced along all the streets in the network. There are no
off-street parking facilities. Destinations (buildings) are also distributed evenly over space.
The study zone of our simulation is defined by the 5 x 5 city block area in the middle of the
simulation environment. This zone is defined to filter out border effects, as there is less
competition for parking spaces at the outer edges of the entire simulation environment.

Destination

Parking
place
Road
cell

Figure 3.3: Simulation environment
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We distinguish four types of agents, or vehicles, in our simulation. Besides the earlier
mentioned distinction between regular agents and V2V agents in search for a parking place,
we also introduce agents that act as through traffic. These latter agents are not looking for a
parking place, but are only crossing the grid from one side to the other. The reason for
distinguishing this category is that these agents can help spread messages across the system.
Like agents searching for a parking space, through traffic agents can either be equipped with
V2V technology or not. The penetration rate of the V2V capabilities in parking agents also
applies to the through traffic agents. Note that we only monitor results for agents that have a
final destination within the study zone.
When an arriving agent is initialized during the simulation it receives a random destination as
its goal. The starting point of its trip is randomly chosen from a set of starting locations which
includes all street locations which are located 400 meters from this particular destination. The
route between the starting point and the destination is calculated using Dijkstra’s shortest path
algorithm. The speed of arriving vehicles is initially set to 28 km/h, but as soon as the driver
switches to the active search state (at 300 meter from the final destination) the speed is
reduced to 14 km/h. In previous research this speed has been acknowledged as the average
speed at which drivers are actively looking for vacant parking places (Benenson et al., 2008).
The walking speed has been fixed at 5 km/h.
The heuristics regarding parking location choice do not differ very much between drivers of a
regular car and drivers of a V2V-car. Drivers of regular cars use the search heuristic already
present in PARKAGENT. This heuristic assumes that the driver monitors the occupancy level
while driving in a street. The driver then uses this information to estimate the number of
expected vacant parking places between the driver’s current position and the final destination.
The lower the estimation, the higher the chance the agent will park at the next vacant parking
place. When the driver overestimated the number of vacant parking places, or there were no
vacant parking places at all, the driver will reach the final destination before finding a parking
place. From that moment onwards, the driver will make circular movements around the final
destination looking for an empty spot, while slowly expanding its search radius. The driver
will park at the first empty spot which is within the search radius. The search strategy has
been tailored to reflect real world parking heuristics and has been validated in an earlier study
(Benenson et al., 2008).
V2V-cars use roughly the same heuristic. However, the estimation of the number of expected
parking places between the driver’s current position and the final destination is increased by
one in case the driver has received information on an available parking place through bottomup communication. When a V2V-car arrives at the suggested parking place (on which it
received information) and finds it already occupied, it selects the second best parking place
from its list and changes direction accordingly. From this moment onwards the driver will
park at any vacant parking spot it encounters on route to the second best parking place. If the
car passes the final destination on-route to the suggested parking place, it will change
behavior and park at any empty spot it encounters. Finally, if the driver has received no
information on an available parking place, she falls back to normal behavior and searches for
a vacant parking place by driving to the destination and making circular movements around
the final destination.
We have run series of simulations, differing in terms of the initial occupancy rate and the
penetration rate of cars that are equipped with V2V capabilities. The initial occupancy rate is
the percentage of parking places that are occupied at the start of the simulation. The
occupancy level remains roughly the same throughout the simulation period, as the number of
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cars entering the system is equal to the number of cars leaving the simulation environment.
This was done in order to systematically assess the influence of occupancy rate on the impacts
of bottom-up information provision on parking. During the simulations only situations with an
initial occupancy rate of 90% and above are considered, as these are the conditions at which
the time needed to find a vacant parking spot is (rapidly) increasing (Levy et al., 2013).
Besides the occupancy level, the turnover level also has an effect on parking dynamics. The
turnover level indicates the amount of times a parking place is occupied by a different vehicle
in a given time interval. During the simulations the turnover level is not systematically varied.
However, small differences in turnover levels between the different runs are a result of the
change in initial occupancy rate. For the occupancy levels of 90%, 95% and 100%, the
turnover will be 1.05, 1.10 and 1.15 respectively. This is a direct consequence of the changing
initial occupancy rate while maintaining a steady in- and outflow of cars. Arriving cars will
stay parked for the entire duration of the simulation, while the departing vehicles will be
selected randomly from the cars parked at the beginning of the simulation. This selection
method is used because of the way PARKAGENT operates. However, this decision does not
have an impact on results, for three reasons: (1) cars parked in the initially situation are
parked randomly over the entire simulation environment; (2) the number of parked cars in the
initial situation is substantially higher than the number of arriving cars; and (3) it may be
expected that a large share of arriving cars will not leave the parking place during the short
simulation period of one hour, given average parking durations.
Parking performance is measured in terms of the dependent variables parking distance, search
time, and overall time spent. Parking distance is defined as the air distance (‘as the crow
flies’) between the final destination and the parking location. Search time (or cruising time) is
an often used measurement in studies on parking. As the two terms are often used
interchangeably and their semantics are the same, we will use the term search time from now
on. In the parking literature, search time is mostly defined as the time needed to find a parking
place once the driver has arrived in the destination zone or parking area in case of on-street
parking e.g. (Shoup, 2005b), and as the waiting time to enter a parking facility, in case of offstreet parking facilities e.g. (Van Ommeren et al., 2012). A destination zone or parking area is
a rather vague notion, and as such does not provide us with a clear definition on how to define
search time. The most precise notion on search time is defined by Benenson et al.: “…we
register search time as the interval from the moment the driver passes the location on the
road closest to the destination, until the moment she finds a parking place” (Benenson et al.,
2008). In our present study we will use a slightly different approach, although building upon
this same notion. We define search time as the excess time needed to find a parking place in
comparison to the most optimal travel time to the most optimal parking location. In our
current simulation setup the most optimal parking location is the on-street parking place
located directly in front of the final destination. The optimal travel time is defined as the time
that elapses from the moment a car enters the model environment till the moment the car
parks in the optimal parking place under optimal circumstances (shortest path and no
congestion, but assuming slower driving speed because of search for parking). All drivers that
park within that time frame on the optimal parking place or on a parking place en route to the
optimal parking place, are considered to be drivers with zero search time. This approach may
lead to a slight over-estimation of search time, as we assume no congestion to calculate the
driving time to the optimal parking place, while some level of congestion is likely to occur in
the simulation with multiple cars searching for parking. However, as we only simulate the last
stage of a trip, the effects of congestion due to through traffic or other cars searching for
parking are minimized as much as possible. Furthermore, since congestion will occur in all
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simulations, congestion levels will not determine the differences in the results between the
various scenarios.
The third dependent variable, overall time spent (OT), consists of a combination of walking
time and search time (Equation 3.2).

OT  2 

dw
 St
Vwalk

(3.2)

Where:
dw = air distance between parking place and final destination
Vwalk = walking speed
St = search time
The time needed to walk is multiplied by two to account for the fact that the distance between
the parking place and the final destination has to be traversed twice, on the way to the
destination and on the way back to the car.
The results presented below are averages based on five runs per unique combination for
occupancy rate and penetration rate, for both the V2V and S2V communication strategy,
leading to a total of 175 runs.

3.4 Results
This section describes the results of the analyses regarding the performance of V2V-cars in
comparison with normal cars and the performance of the overall system. The first subsection
covers the results using only V2V-communication. The second subsection covers the results
using sensor equipped parking places capable of disseminating their status.
3.4.1 Vehicle-to-vehicle information provision
Performance of individual drivers
Contrary to expectations, under most conditions V2V-cars did not perform better in terms of
search time than regular cars. The only exception is observed for the experimental settings
with an initial occupancy rate very close to 100%. However, under this (extreme) condition,
the performance for regular cars gets worse with every increase in the penetration rate of
V2V-cars (Fig. 3.4). The same occurs for the V2V-cars from a penetration of 0.6 upwards.
When too much vehicles are equipped with the system it appears that the effect of competition
for parking spaces is stronger than the benefit of having more agents that can disseminate
information.
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Figure 3.4: Search time for regular cars and V2V cars, for different occupancy rates and
penetration rates, for V2V communication strategy
Contrary to search time, the performance of V2V-cars with respect to walking distance varies
at different initial occupancy rates (Fig. 3.5).
At 90% occupancy rate the performance with respect to walking distance is equal between
regular cars and V2V-cars. Also at 95% occupancy rate, the results are similar to the base
situation with 0% V2V-cars. Performance is only increased for V2V-cars in the situation with
a 100% initial occupancy rate. In this case, the performance incrementally increases for every
penetration level, ultimately yielding a reduction in walking distance of 25% in comparison to
the base situation.
Performance of overall system
Performance of the overall system, consisting of all cars looking for a parking place
regardless of type, is measured by looking at the overall time spent. This time is the

Figure 3.5: Walking distance for regular cars and V2V cars, for different occupancy rates
and penetration rates, for V2V communication strategy
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Figure 3.6: Search time for regular cars and V2V cars, for different occupancy rates and
penetration rates, for S2V communication strategy.
combination of time spent for finding a parking place and walking time needed to get from
the car to the final destination and back to the car. Considering the meager difference in
search time between regular cars and V2V-cars, the overall time spent is greatly dependent on
the performance with respect to walking distance. It is therefore no surprise that the overall
system performance is more or less equal to the base result for initial occupancy rates of 90%
and 95%, and only slightly better for initial occupancy rates of 100% at high penetration rates
(Fig. 3.8, V2V strategy) as compared to a system without any V2V communication (i.e., the
base situation).
3.4.2 Sensor-based information provision
Performance of individual drivers
The results of the S2V communication strategy show that performance is changed with the
implementation of sensors. Search time is slightly higher at an occupancy rate of 90% and
similar to regular cars at an occupancy rate of 95% (Fig. 3.6), but significantly lower than
regular cars in the experiments with 100% initial occupancy rate. However, this positive
effect decreases with every increase in penetration rate and roughly disappears at a
penetration rate of 1.0.
Performance regarding search time for regular cars is changed (negatively) with the
introduction of V2V-cars. The performance of V2V-cars in terms of walking distance is better
in every situation in comparison to regular cars, as well as in comparison to V2V-cars without
the use of sensors. This holds, irrespective of the penetration rate. The walking distance
decreases with an average of 22% for an occupancy rate of 90%, and with an average of about
28% in situations with 95% and 100% initial occupancy rate (Fig. 3.7). Performance of
regular cars with respect to walking distance remains constant throughout the experiments,
except for a slightly higher walking distance at 0.8 penetration rate and 100% occupancy rate.
Performance of overall system
Considering the improvement in walking distance for V2V-cars using sensors, the overall
system performance is improved as compared to the base situation (Fig. 3.8, S2V strategy).
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Figure 3.7: Walking distance for regular cars and V2V cars, for different occupancy rates
and penetration rates, for S2V communication strategy.
The loss in search time for initial occupancy rates of 90% is compensated by the gain in
performance on walking distance. For initial occupancy rates of 95% and 100% , search time
is equal or better than the base situation. Combined with the increase in performance for
walking distance, this leads to significant positive results for the overall system. The results
show that there is an increase in performance with an increasing penetration rate. This is
mainly due to the fact that the contribution of V2V-cars to the overall results increases
linearly with the penetration rate. The only exception to this linear trend occurs with a 100%
occupancy rate and penetration rates of 0.8 and above. These are the situations that an
increase in the number of V2V-cars result in increasing search times.
The same effect was observed for the V2V communications strategy without sensors (see
above, section IV, subsection A).

Figure 3.8: Overall time difference for all cars in the simulation in comparison to the base
situation
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2.5.3 Sensitivity analysis
Sensitivity analyses have been performed to study the sensitivity of the results to turnover
rates in relation to initial occupancy rates. It is outside the scope of this paper to
systematically study performance for different turnover rates. However, a small sensitivity
analysis for the base situation (no communication between cars) showed that performance
regarding spent time is decreasing with increasing turnover rates (0.95 – 1.60, cars/parking
place) for initial occupancies of 90% and 95%. In contrast, performance improves with
increasing turnover rates at initial occupancy of 100%.
The steep increase in search time between the results for 95% and 100% occupancy rate, as
noted for both the V2V and S2V communication strategies, fueled the need for additional
experiments while varying occupancy rates between 95% and 100%. The results show that
search time follows an exponential pattern, with search time strongly rising with increases in
occupancy rate. The relation between walking distance and occupancy rates between 90% and
100% is linear in nature, i.e., an increasing occupancy rate results in a linear increase in
walking distances for the agents.
Another set of runs have been performed to study the effects at a lower occupancy rate. The
simulation runs show that at an occupancy rate of 80%, the walking distance and search time
is neither improved nor harmed. For this occupancy rate and (presumably) lower occupancy
rates, the utility of information provision is nil, regardless of the used information strategy.

3.5 Conclusions & future work
In this paper, the effect of bottom-up information provision on urban parking dynamics of
drivers was studied using computer simulations. The dissemination and use of information on
individual parking places could theoretically decrease cruising for parking, either by
decreasing the number of cars cruising for parking, or decreasing the average cruising time.
Contrary to expectations, the results of our simulation study show that search time is barely
decreased and sometimes even increased. This applies to both communications strategies,
especially at occupancy rates of 90% and 95%. Under these conditions, drivers are likely to
park their car before reaching the final destination, which results in no search time. As a
result, search time is on average very low, leaving not much room for improvement. In
contrast, with a 100% occupancy rate a clear performance increase in terms of search time is
observed, when using a sensor strategy. For this occupancy rate, however, the performance
increase is reduced for every further increase in penetration rate. The analyses indicate that
the main benefit for the overall system lies in a reduction of average walking distance
between parking place and final destination. For the V2V communication strategy this is
solely the case under extreme conditions (100% initial occupancy rate). For the S2V strategy
it holds regardless of the occupancy rate and the penetration rate of communication
technology in cars. This result is in contrast with the existing literature on information
provision in routing scenarios, where overall performance is harmed with an increased share
of users of information technology. However, in line with these findings, we also observe that
the gain in performance for V2V-cars in terms of walking distance, and overall performance
in general, comes at a cost for regular cars. These regular cars see a substantial increase in
search time at occupancy rates of 100%.
The time advantage that is gained by a shorter walking distance results in a double profit.
After all, this distance needs to be traveled on-route to the final destination, but also after
finishing the activity and returning to the car. Sensor technology can thus lead to a decrease in
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the overall door-to-door travel-time for a driver. However, this shorter travel-time is hardly
realized by a reduction in search time.
The results of the simulations should of course be placed in context. They concern a rather
straightforward situation, in which demand for parking (the destinations) are distributed
homogeneously over space. It is a priori not ruled out that a reduction in search time is
possible when demand is distributed less homogeneously over space, as is typically the case
in city centers or major activity centers. In many real world situations, competition over
parking space is much more concentrated than in the current simulations. Moreover, in our
simple grid pattern the parking locations are known to all drivers. In a real world network the
uncertainty about the location of parking places, as well as the availability of these places,
remain uncertain without access to additional information. Furthermore, it may well be
possible that the absence of a tradeoff between walking distance for regular cars and
increasing numbers of V2V cars, as found in most simulations, could change in a
heterogeneous environment. For instance, when multiple cars aim to arrive at an identical
destination, it is likely that the performance in walking distance for V2V cars will be at the
expense of walking distance for regular cars Besides spatial heterogeneity, the inclusion of
temporal heterogeneity could have an impact on results. Information provision may well proof
to be more effective in situations when parking occupancy rate is gradually increasing during
a time period, resulting in intensified competition over time as cars search for an everdecreasing number of vacant parking places in an area.
A second caveat with respect to the results concerns the fact that the presented system of
gathering and disseminating information offers no possibility for reserving a parking place.
This means that in the simulations it is possible that a suggested parking place is being
occupied before the driver arrives at the designated location, which in turn could explain the
limited effect on search time. We see two possibilities to overcome or at least minimize this
issue: (1) by introducing a reservation system; and (2) by providing aggregate information. A
reservation system could solve the issue of different V2V-cars heading for the same parking
place, as it would reduce the competition for parking places among V2V-cars. However, it is
difficult to prevent a parking place from being taken by a driver of a non-V2V-car or a driver
of a V2V-car that on purpose chooses to park on a different location than the suggested
parking place. Furthermore, a reservation system de facto reduces the effective parking
capacity, as parking places need to be kept vacant for a longer period of time. In the second
solution, aggregate information, V2V-cars do not receive information on single parking places
but receive information on the availability of a set of parking places, e.g. per street segment.
This allows for a better estimation of the chance of finding a parking place close to the
destination. Furthermore, it would also allow for a reduction in costs for the S2V
communication strategy, as the number of sensors per street segment could be decreased,
using the information from only a subset of all parking places to provide information on
parking availability for the entire street segment. We intend to take up these possibilities in
more detail in future research.
Despite these side notes, we cannot neglect the findings of this study for decision making on
the implementation of, especially, a sensor-system. The simulation results show us that
beforehand it cannot be assumed that societal benefits offset the cost of implementing sensors
in on-street parking places. The benefits of a sensor-system can change depending on the
circumstances. In circumstances that are comparable to that of the simulations, the benefits
greatly arise from the reduction in walking distance. In other situations a reduction in search
time might be possible, which in turn could lead to the occurrence of secondary benefits in
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terms of reduction in air pollution, noise pollution, traffic safety problems, or congestion.
Furthermore, drivers could potentially value the reduction in uncertainty that is an inherent
part of finding an on-street parking place.
All considered, bottom-up information provision may deliver positive societal benefits.
However, the extent to which this is true requires additional analyses, including experiments
with a less homogeneous distribution of parking demand, a reservation system, or the
dissemination of information at a higher aggregation level. Such studies could also contribute
to decisions whether or not to initiate parking sensor technology in particular real-world
situations.
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Chapter 4
The potential impact of vehicle-to-vehicle
communication on on-street parking under
heterogeneous conditions
Tasseron, G., Martens, K., & Heijden, R. van der (2016). The Potential Impact of Vehicle-toVehicle Communication on On-Street Parking Under Heterogeneous Conditions. IEEE
Intelligent Transportation Systems Magazine, 8(2), 33-42.

4.1 Introduction
Provision of information to drivers in search for parking can reduce cruising for parking and
thus reduce air pollution, traffic congestion and other negative externalities related to car
traffic (Arnott & Inci, 2006b; Caicedo, 2010; Van Ommeren et al., 2012). Hence, cities
around the world have installed technologies to provide drivers with information about offstreet parking facilities. In contrast, information on the occupancy status of on-street parking
places was non-existing until recently. This is however changing rapidly due to a number of
start-up companies that have entered the market to provide such information (“LA Express
Park,” n.d., “SFpark,” n.d., “Streetline: Parker Mobile,” n.d.). By using the widespread
penetration of smart phones and in-car navigation devices it is now possible to provide
accurate information at the level of individual parking places.
The paper builds on an earlier study in which the impacts of information provision on onstreet parking were studied for a highly stylized situation, in terms of driver behavior as well
as the spatial setting within which drivers search for parking (Tasseron, Martens, & Heijden,
2015). The results of this study showed that parking information has only limited benefits,
both for the drivers receiving information and for other drivers. Information was mostly
beneficial for drivers in terms of walking distance under conditions of very high occupancy
rates. Furthermore, the overall result was only improved when sensors were used for
continuous transmission of information on a parking place’s occupancy status. The question is
whether these counter-intuitive results also hold under less stylized conditions. Therefore, in
the current paper we analyze the impacts of information provision under more realistic
39
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conditions. More specifically, we explore how heterogeneity in terms of driver behavior and
in terms of spatial distribution of parking demand and supply influence the effectiveness of
information provision on on-street parking places.
The paper is organized as follows. Following this introduction, we describe the way in which
car drivers are informed about on-street parking place availability using two distinct
communication strategies (Section 4.2). In Section 4.3, we describe our agent-based modeling
tool called PARKAGENT, as well as the simulation set up. In Section 4.4, the results of the
simulations are presented. This is followed by the conclusions and paths for future research
(Section 4.5).

4.2 bottom-up information provision
4.2.1 Information and Parking
Information provision regarding live occupancy rates of off-street parking facilities, driver
preferences and the role of information in finding these facilities has been studied and
modeled, e.g. (Van der Waerden et al., 2002). In contrast to off-street facilities, research on
parking behavior and the role of information on on-street parking using simulation models is
studied less (Arnott & Inci, 2006b; D’Acierno, Gallo, & Montella, 2006; Li, Huang, & Lam,
2012). Furthermore, spatially explicit research on the impacts of information and behavior of
drivers when searching for on-street parking is scarce (Boehlé et al., 2008; Kokolaki et al.,
2013b).
Various technologies allow for provision of information on on-street parking places. One
possibility is the use of vehicle-to-vehicle communication using so-called Vehicular Ad-Hoc
Networks (VANETs) (Leontiadis & Mascolo, 2007; Prinz et al., 2009). VANETs provide a
way to share information among the nodes in a network using bottom-up dissemination.
Because of their attributes, VANETS are suitable for application in a parking context. The
network is formed by mobile agents (in our case, vehicles) that are capable of sending and
receiving data via wireless technologies (i.e. dedicated short-range communication, DSRC).
All agents in the network equipped with this technology contribute to the network by
gathering information and distributing this information to nearby agents. Because of the
limited spatial range of this technology, as well as the short-term nature of the information,
the networks are referred to as ‘ad-hoc’. Another possibility is the use of sensor-based
technology. This kind of wireless technology allows for sensing events or changes in the
environment. As such it can be used in an urban environment to monitor parking place
occupancy by sensing the presence or absence of a vehicle. Additionally, the sensor is capable
of sending the gathered information to other nearby sensors and nearby smart cars.
Few studies have explored the benefits of these information technologies for the domain of
parking, see (Caliskan et al., 2006; Delot et al., 2009; Szczurek, Xu, Lin, & Wolfson, 2010;
Szczurek, Xu, Wolfson, et al., 2010; Vaghela & Shah, 2011) for some first analyses. None of
these studies has systematically explored the impact of these technologies on parking
dynamics in a explicitly spatial context. The spatial context is especially important in the
domain of parking. Only by simulating parking dynamics at the level of individual parking
places, the inherent emergent properties of parking dynamics can be fully captured (Levy et
al., 2013). The sophistication of the software we have used (PARKAGENT) allows for a
fundamentally more advanced simulation of the parking process and the impact of
information provision. The current paper builds on a previous study in which we started to
systematically study the impact of information provision in a homogeneous environment
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(Tasseron, Martens, & Heijden, 2015). In that preceding paper, the impacts of a vehicle-tovehicle strategy (V2V) were compared to a sensor-based strategy (S2V). In the current paper
we extend this research strand by incorporating heterogeneity, both in terms of driver
behavior as well as in the spatial distribution of demand for parking.
4.3.2 Implementation of Communication Protocols
In this subsection, we describe the way information is transmitted between vehicles and
parking sensors and vehicles. Important to note is that in the simulations a distinction is made
between cars that are able to communicate (V2V) and cars that cannot communicate. Smart
cars are able to send and receive messages within a fixed transmission range of 200 meter
(which has been shown to be a practically feasible transmission distance, even under nonoptimal conditions (Demmel et al., 2012)). Messages are broadcasted by cars and sensors to
all entities in the vicinity at a transmission interval of 5 seconds. In the V2V communication
strategy, messages are created and disseminated in two situations. First, when a smart car
leaves a parking place it will send out a message stating the vacancy of the spot for other
drivers. Second, a smart car will disseminate a message when it occupies an empty parking
place. All smart cars that are driving around within a 200 meter radius will receive both kinds
of messages and subsequently pass them on to other smart cars. The receiving cars are able to
subsequently send the messages to other cars within their transmission range. A message can
thus traverse the entire network in only a few iterations. It is important to note that vacant
parking places at the start of the simulation and departures of cars that are not able to
communicate will not lead to the dissemination of a message in case of a V2V communication
strategy.
In the sensor-based communication strategy (S2V), on-street parking places are equipped with
sensors that are capable of sensing and communicating the occupation status of the parking
place (vacant or not vacant) to nearby vehicles. In the simulations, the sensors will only send
out messages on a regular basis when their status is vacant, while only one message is send
out if the parking place is occupied . The sensors have the same transmission range as the
smart cars in our simulation.
The important difference between both strategies lies in the fact that in the V2V
communication strategy the vacancy message is transmitted only once, while in the S2V
communication strategy the sensors keeps broadcasting the vacancy at regular intervals.
Furthermore, the S2V strategy also guarantees that information is available about vacant
parking places at the start of the simulation.
The communication protocol is comparable for both communication strategies. Every
message that is transmitted by a vehicle or sensor consists of a number of attributes: (1) the
timestamp of the message; (2) the location of the parking place, stored as a coordinate; and (3)
the occupancy status of the parking place (vacant or not).
Each smart car that receives a message on an available parking place will process the
message. For this purpose, each smart car is equipped with three databases to store messages:
a private database, a public database and a database with recently occupied parking places.
Each database has a limited capacity and stores only the most relevant messages.
The private database is used for storing information on relevant vacant parking places. The
database is only used by cars looking for a parking place. The car selects all incoming
messages on vacant parking places according to the distance between the parking place and
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the final destination of the car. Only the highest scoring messages (according to value ) are
stored in the private database and ranked according to the relative value of the parking place.
The value is based on the distance between the final destination and the parking place and the
distance between the current position of the car and the parking place (equation 4.1).

Where:

Each smart car also maintains messages on vacant parking places in a public database for
general purpose. This public database holds a limited number of messages which are ranked
according to age (time stamp). Similar to the process for the public database, storage of
messages on occupied places are ranked by age. When receiving such a message it is not only
stored in the database, but the system also deletes entries in the private and public databases
with an identical parking place ID but an earlier timestamp.
On a regular interval, all smart cars will broadcast the messages in their public database to
cars within the transmission range. Via this method messages on available parking places can
traverse the grid in a short time period and thus provide many drivers with information on
available parking places. It is important to note that the above described method does not
include a reservation system. Thus, it is possible to arrive at a suggested parking place and
find it already occupied by another car. Furthermore, note that the private and public
databases can overlap, i.e. vehicles may broadcast messages to potential ‘competitors’ for the
same parking place.
The message protocol ensures that the best parking spot that matches the driver’s preferences
(see next section) is selected as the first choice for the smart car. As soon as a driver receives
information about a vacant parking place that suits his or her preferences, it is assumed that
the driver will drive to that parking place rather than to the final destination. However, the
driver still has the freedom to park at a randomly encountered vacant spot en route or drive on
to the suggested parking place. Clearly, the driver will only opt for the former option if the
parking place is more attractive than the parking place suggested through the information
system. Note that the parking information system does not provide the user with a list of
suitable options as is the case in the study by Karaliopoulos et al. (2014). Furthermore, if the
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car receives a message stating that the parking place it is currently driving to has been taken
by another car, the parking place is deleted from the list of available parking places.
Subsequently, the updated list is re-ranked and a new parking place is set as the destination
for navigation.
A more elaborate description of the process of receiving and disseminating messages in V2V
and S2V scenario’s can be found in (Tasseron, Martens, & Heijden, 2015).

4.3 Simulation description
To study the impacts of bottom-up information provision on parking dynamics under
heterogeneity, we use PARKAGENT, an advanced agent-based parking simulation model. An
extended description of the PARKAGENT model can be found in Benenson et al. (2008). The
speed of vehicles searching for parking is set at 12 km/h (Levy et al., 2013). Note that in
contrast to earlier simulations with this model, the walking speed has been fixed at 3 km/h.
This setting differs slightly from our earlier study (Tasseron, Martens, & Heijden, 2015),
which means that results of the current study cannot be compared directly to the previous
one.
Using PARKAGENT, we compare the impact of information provision in two different
heterogeneous settings: spatially heterogeneous demand and heterogeneity among agent
preferences.
4.3.1 Spatial Heterogeneity
Spatial heterogeneity refers to the spatial distribution of destinations across the simulation
environment. Like in the simulations for a homogenous environment, we have used a
Manhattan grid system of streets (see Levy at al. (2013)) as the basic spatial structure of the
simulation environment. In this environment, a city consists of 11 x 11 city blocks, with 12
destinations and 96 on-street parking places on the inner ring of each city block. Every street
segment of a city-block is 100 meter in length and allows for two-way driving. On-street
parking places are evenly spaced along all the streets in the network. There are no off-street
parking facilities in the simulation area. The current simulation environment differs from
(Tasseron, Martens, & Heijden, 2015) in terms of the spatial heterogeneity. Instead of having
destinations (buildings) distributed evenly over space, we now simulate the case of
concentration of demand for parking in the most central city block. The twelve destinations in
this central block have a ten times increased demand in comparison to all other destinations.
The study zone of our simulation is defined by the 5 x 5 city block area in the middle of the
simulation environment. This zone is defined to filter out border effects, as there is less
competition for parking spaces at the outer edges of the environment.
4.3.2 Heterogeneous Driver Behavior
Driver heterogeneity can refer to the variation in drivers preferences for their value of time
(VOT) (Shoup, 2005a), search time, walking distance, willingness to pay or on-street or offstreet parking. In this paper, it relates only to the agents’ willingness to walk to the
destination. We have divided the population of agents into three equally sized groups, with
respectively a low, average and high willingness to walk. In terms of the model, the former
type of drivers only considers parking if the parking place is within 20 meter of the
destination. The distance is 120 respectively 220 meter for the other types of drivers. The
median value of 120 meter has been proven to be a realistic average for the entire population
of drivers (Benenson & Martens, 2008). The overall driving and cruising behavior remains the
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same. Agents enter the simulation environment at a position that is located at 400 meter from
their final destination. The shortest route to the destination, according to the Dijkstra
algorithm, is chosen and the agent starts to drive towards the destination. To be able to
compare the results, all agents observe their environment and assess the local parking
situation for a stretch of 180 meter before they start considering to park.
The decision on when and where to park has been changed in our PARKAGENT model in
comparison to previous papers. In earlier papers, the maximum allowed distance at which
agents were willing to park was only used by the agents if they passed their destination
without finding a vacant parking spot and were forced to start cruising for parking. For the
current study we also use this maximum preferred distance when selecting a parking space
before reaching the final destination. That is, drivers will not consider parking until they are
within their preferred distance from the destination. Likewise, drivers will not accept parking
places suggested by the information system if the place is located further than the preferred
distance from the destination. Once the driver passes the destination, we assume that the
driver starts circling their destination in search for a parking place. The maximum distance at
which agents are willing to park is slowly increasing the longer the driver searches for a
parking place. The search heuristic in this stage of the search for parking is thus identical to
the search heuristics we have applied in earlier papers.
4.3.3 Settings
In line with the previous paper, the simulation runs have been varied in terms of the settings
for the initial occupancy rate and the so-called penetration rate. The initial occupancy rate is
the percentage of parking places that are occupied at the start of the simulation. The
occupancy level remains roughly the same during every simulation, as the number of cars
entering the system is equal to the number of cars leaving the simulation environment during
the simulation period. By varying the occupancy rate systematically we can assess the
influence of the occupancy rate on the impacts of bottom-up information provision on parking
under heterogeneous conditions. We only simulate situations with an initial occupancy rate of
90% and above, as under these conditions the time needed to find a vacant parking spot is
(rapidly) increasing (Levy et al., 2013) and bottom-up information provision appears to have
an effect on parking performance (Tasseron, Martens, & Heijden, 2015). The penetration rate
defines the ratio of cars that are equipped with communication technology. The penetration
rate is varied between zero and one, in equal increments of 20%.
Besides the occupancy level and penetration rate, the turnover level also has an effect on
parking dynamics. The turnover level indicates the amount of times a parking place is
occupied by a different vehicle in a given time interval (Shoup, 1999). In this study, we did
not systematically change turnover during our simulations. Arriving cars will stay parked for
the entire duration of the simulation, while the departing vehicles will be selected randomly
from the cars parked at the beginning of the simulation. Since our simulation period is short,
and a high number of cars is initially parked in the simulation environment, this procedure
does not affect the randomness in the departure of cars.
4.3.4 Dependent Variables
Four dependent variables are used to measure parking performance: parking distance, search
time, parking time and failure to park. Parking distance is defined as the air distance (‘as the
crow flies’) between the final destination and the parking location. The same definition of
search time (or cruising time) is used as was coined in our prior paper (Tasseron, Martens, &
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Heijden, 2015): search time is the excess time needed to find a parking place in comparison to
the most optimal travel time to the most optimal parking place. All drivers that park within
that optimal time frame on the optimal parking place or on a parking place en-route to the
optimal parking place, are considered to be drivers with zero search time. The third dependent
variable, parking time, consists of the time needed to walk to and from the destination and
search time (equation 4.2):
(4.2)

Where:

The last dependent variable, parking failure, is defined as the share of cars that fail to park
within 10 minutes after entering the simulation. In a real-world setting drivers are more likely
to they revert to a (more expensive) off-street parking facility or driver to another (parking)
destination if they are searching for a long time. Here, we assume these cars are simply
leaving the simulation environment. Note that, like in our previous paper, the maximum
search time of ten minutes for drivers that fail to park is included in the calculation of the
average search time for the entire agent population.

4.4 Results
This section describes the results of the simulation runs that have been carried out to analyze
the impacts of bottom-up information provision for parking dynamics under heterogeneous
conditions. To analyze parking dynamics systematically, the settings in terms of occupancy
rate and penetration rate are varied throughout the different simulation runs. This leads to a
large set of results. For some scenarios a clear pattern has emerged irrespective of the exact
settings; in other cases parking performance improved under particular conditions, while
worsening for other settings. In what follows, we first give a general overview of the results.
We then present the most prominent observations for the V2V and S2V communication
strategies.
4.4.1 Initial Look at the Results
Table 4.1 provides a broad overview of the results. It provides a summary of the results of the
simulation results across the entire range of settings (penetration rate and occupancy rate) for
each type of scenario. A positive sign implies impacts of bottom-up information provision
across (nearly) the entire range of settings; a double positive sign implies a strong impact. An
ambiguous sign (+/-) implies that the impacts of information provision vary across the range
of settings.
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The overall results show that a V2V communication strategy has a positive impact on walking
distance, in particular in case of spatial heterogeneity. In contrast, the pattern for search time
is less consistent as smart cars experience reduced search time under some conditions and no
or even negative impact in other settings. The same holds true for overall search time of smart
and regular cars together. The main reason for the limited impact on search time is the fact
that the system is dependent on the amount of cars that are able to communicate. First, when a
car leaves a parking place, its vacancy is only transmitted to other cars if, and only if, the car
is a smart car. Thus, at low penetration rates the chance that a vacancy message is created is
rather small. Furthermore, at low penetration rates, the chance that a message dies out before
reaching another smart car is another factor influencing the performance negatively.
The S2V strategy has typically stronger benefits for smart cars than the V2V strategy. These
impacts are especially clear with regard to walking distance. The fact that the impacts are
relatively limited in comparison to the homogenous scenario is related to the relatively large
benefits of the S2V strategy even in a homogenous scenario. The positive impact on walking
distance remains when looking at the system result. This denotes that smart cars make a more
optimal use of the set of available parking places than regular cars. The S2V strategy also
leads to an increased reduction in search time for smart cars across (nearly) all settings for
occupancy rate and penetration rate. The results are more ambivalent, however, if overall
search time for smart and regular cars is considered jointly. In that case, the S2V strategy
delivers no or very small benefits, as the reduced search time for smart cars comes at the
expense of the search time for regular cars.
4.4.2 V2V Strategy in More Detail
Comparison with Homogeneous Scenario
The results of the V2V communication strategy show a recurring pattern throughout the three
different scenarios. A V2V communication strategy does not improve search time for smart
cars in comparison to the base situation for any of the three scenarios on heterogeneity. This
matches with the results found in a homogeneous scenario. In contrast, the benefit in walking
distance is improved substantially for the spatially heterogeneous scenario in comparison to
the homogeneous scenario. For the scenario with behavioral heterogeneity, the performance is
similar to that of the homogeneous scenario, except for situations with 100% occupancy rate,
in which case V2V communication delivers more benefits under heterogeneous conditions.
For the combined heterogeneous scenario the improvement in walking distance is better in
comparison to the homogeneous scenario for every setting.
Smart Cars versus Regular Cars
The results of the V2V communication strategy show that search time for smart cars is similar
to search time of regular cars under almost all conditions. Only for the agent heterogeneity
scenario and combined heterogeneity scenario, a 100% occupancy rate and high penetration
rates, the smart cars see a benefit in search time in comparison to regular cars. The results
with respect to walking distance show a different pattern: regardless of the scenario, smart
cars see a small benefit in comparison to regular cars for an occupancy rate of 95%, which
grows with each increase in penetration rate. The same holds for 100% occupancy rate, but
benefits are even larger in this case. The reduction in walking distance grows from around 5%
at penetration rate 0.2, to between 34% and 40% (depending on the scenario) at a penetration
rate of 1.0.
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Overall System Results
If the impacts are considered jointly for smart cars and regular cars, a different picture
emerges. An overall search time benefit is not realized at all, regardless of scenario. Benefits
do accrue in terms of walking distance for all scenarios, but in each scenario under slightly
different conditions.
For the spatially heterogeneous scenario, overall walking distance is slightly improved at an
occupancy rate of 95% and penetration rates between 0.6 and 1.0. For an initial occupancy
rate of 100%, a substantial improvement is achieved at penetration rates from 0.4 and above.
For the scenario with heterogeneous agent behavior a system benefit is only observable at
100% occupancy rate and high penetration rates. For the combined heterogeneity scenario, the
joint results of regular cars and smart cars show a slight benefit in overall walking distance for
an initial occupancy rate of 95%.
Table 4.1: Results overview for search time (ST) and walking distance (WD) for each
scenario and communication strategy
Spatial heterogeneity

Behavioral
heterogeneity

Combined
heterogeneity

ST

+/-

+/-

+/-

WD

++

+

++

ST

+/-

+/-

+/-

WD

+

+

+

ST

+/-

+/-

+/-

WD

+

+

+

ST

++

+

++

WD

+/-

+/-

+/-

ST

++

+

++

WD

++

++

++

ST

+/-

+/-

+/-

WD

++

++

++

V2V
Improvement for smart cars in
comparison
to
homogeneous
scenario
Performance of smart cars in
comparison to regular cars

Improvement in overall system
result

S2V

Improvement for smart cars in
comparison
to
homogeneous
scenario
Performance of smart cars in
comparison to regular cars

Improvement in overall system
result
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A substantial benefit in walking distance is observable for an occupancy rate of 100%, and is
even increased with increasing penetration rates. Finally, the number of cars that fail to park
is affected negatively using the V2V strategy. For the spatially heterogeneous scenario and
occupancy rates of 95% and 100%, smart cars see a similar, or sometimes even higher, chance
of failing to park. For the combined heterogeneity scenario the chances of failing to find a
parking place are even increasing further. Resulting in almost double the chance of parking
failure at pr 1.0 in comparison to base situation at 100% occupancy rate.
4.4.3 S2V Strategy in More Detail
Comparison with Homogeneous Scenario
The results regarding the S2V communication strategy show that the search time difference
for smart cars is changed from a negative effect to a positive effect for some simulation runs
at a 90% occupancy rate in comparison to the homogeneous scenario (Fig. 4.1). For
occupancy rates of 95% and 100%, the performance is especially increased for the spatially
heterogeneous scenario. Results for the behavioral heterogeneity scenario are somewhat
smaller at occupancy rates of 90% and 95%. For an occupancy rate of 100%, the results show
a different picture as results for the behavioral heterogeneity scenario outperform that of the
three other scenarios. For the combined heterogeneity scenario, the results are better under
almost all conditions in comparison to the homogeneous scenario, except for the situation
with 100% occupancy rate and penetration rates of 0.4 and above.
Results regarding walking distance show that performance for the different heterogeneity
scenarios is not improved much in comparison to the homogeneous scenario. The spatially
heterogeneous scenario only outperforms the homogeneous scenario at an occupancy rate of
100%. The performance of the behavioral heterogeneity scenario is slightly less than that of

Figure 4.1: Difference in search time for smart cars in comparison to the base situation for
four different scenarios using a S2V strategy.
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the homogeneous scenario. The combined scenario performance is slightly worse at an
occupancy rate of 90% and slightly better at 95% and 100% occupancy rate.
Smart Cars versus Regular Cars
For the spatially heterogeneous scenario, the results of the S2V communication strategy show
that search time for smart cars in comparison to regular cars is slightly lower at an initial
occupancy rate of 90%. For higher initial occupancy rates (95% and 100%) the benefit is
substantial. However, for all initial occupancy rates, the benefits drops as the penetration rate
goes up (Fig. 4.2). This relative decrease in performance for smart cars is the consequence of
increasing competition over parking places as the number of cars with communication
technology goes up. When all cars are equipped with communication technology (1.0
penetration rate), search time for smart cars is even higher than search time for regular cars in
the initial situation with 0.0 penetration rate. Furthermore, at 95% and 100% occupancy rate
the regular drivers are penalized for not being able to communicate and face even longer
search times than in the initial situation, for every penetration rate between 0.2 and 1.0.

Figure 4.2: Search time for smart cars and regular cars, for different occupancy rates and
penetration rates, using S2V strategy in a spatially heterogeneous scenario.
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Figure 4.3: Walking distance for smart cars and regular cars, for different occupancy rates
and penetration rates, using S2V strategy in a spatially heterogeneous scenario.

Figure 4.4: Search time for smart cars and regular cars, for different occupancy rates and
penetration rates, using S2V strategy in a scenario with heterogeneous driver behavior and
heterogeneous demand.
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Smart cars do benefit from a reduced walking distance when using an S2V communications
strategy in a spatially heterogeneous scenario. While the benefits are minor for an initial
occupancy rate of 90%, performance is slightly better at an occupancy rate of 95%, and
substantial for a 100% occupancy rate. In the latter case, walking distance for smart cars is
about 40% lower than for regular cars (Fig. 4.3).
Remarkably, performance on average walking distance in meters is not affected by
penetration rate. At higher penetration rates the performance benefit for smart cars remains,
which indicates that informed cars make a more optimal use of the set of available parking
places than regular cars.
The results for walking distance for the behavioral heterogeneity scenario are largely in line
with those for the spatially heterogeneous scenario: smart cars outperform regular cars in
every situation and also show a similar pattern in comparison to the spatially heterogeneous
setting.
For the combined heterogeneity scenario, the S2V strategy shows benefits in terms of search
time under all conditions for smart cars in comparison to regular cars. Performance benefit is
especially substantial at an initial occupancy rate of 100% (Fig. 4.4). Results with respect to
walking distance show similar results as for the other two scenarios (Fig. 4.5).
Overall System Results
For the spatially heterogeneous scenario, the results for regular cars and smart cars combined
show a less significant picture. Similar to the V2V strategy, the S2V strategy offers no overall
benefit in terms of overall search time, as the performance increase for smart cars leads to a

Figure 4.5: Walking distance for smart cars and regular cars, for different occupancy rates
and penetration rates, using S2V strategy in a scenario with heterogeneous driver behavior
and heterogeneous demand.
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Figure 4.6: Walking distance for overall system, for different occupancy rates and
penetration rates, using S2V strategy in a scenario with heterogeneous driver behavior and
heterogeneous demand.
decrease in the performance for regular cars. In contrast, overall performance regarding
walking distance does improve. This is due to the fact that the increase of performance for
smart cars only has a slight negative effect on the walking distance for regular cars. Thus,
even at high penetration rates, the overall system benefits in terms of a smaller average
walking distance to the final destination. Finally, the number of cars that fail to park
increases with every increment in penetration rate. For instance, for an occupancy rate of
100%, the number of cars that fail to find a parking place increases from 12.5% in the base
situation to 20% for 1.0 penetration rate. This is the result of the spatial concentration of
parking demand and the fact that multiple smart cars may therefore be heading for the same
suggested parking place.
For the behavioral heterogeneity scenario, the S2V strategy results in slightly decreased
overall search times for initial occupancy rates of 95% and 100%. Regarding overall walking
distance, the results are similar to the spatially heterogeneous scenario. However, results with
regard to the share of cars that fail to park within 10 minutes differs from the spatially
heterogeneous scenario. For the base situation without information provision, 7% of the cars
fail to find a parking place within ten minutes for an occupancy rate of 100%. For smart cars
this share is typically below 5%, except for a penetration of 1.0 when it increases to 6%. The
difference with the spatially heterogeneous scenario is due to the fact that competition for
parking places is less severe in a environment with uniformly distributed demand.
For the combined heterogeneity scenario, the overall result for the S2V strategy shows that
performance is not improved with respect to search time. In contrast, overall performance
regarding walking distance is improved considerably (Fig. 4.6). However, the share of cars
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Figure 4.7: Parking failures for overall system, for different occupancy rates and penetration
rates, using S2V strategy in a scenario with heterogeneous driver behavior and
heterogeneous demand.
that fail to find a parking place increases considerably (Fig. 4.7) at higher penetration rates
(for an occupancy rate of 100%), which is again a consequence of the spatial concentration of
demand for parking.

4.5 Conclusions
In this paper the effect of bottom-up information provision on urban parking dynamics under
heterogeneous conditions was studied using agent-based computer simulations. Theoretically,
provision of information to drivers about available on-street parking places could decrease the
need to cruise for parking. In line with our previous studies (Tasseron, Martens, & Heijden,
2015), this theoretical conjecture does not hold for most simulation runs using the V2V
communication strategy. However, for the S2V strategy, the theoretical expectation is
confirmed. For all three heterogeneous scenarios, using a S2V communication strategy leads
to a decrease in search time in comparison to a homogeneous environment with homogeneous
agents, for almost all simulation settings. Furthermore, the average search time for smart cars
is decreased in comparison to regular cars, in particular for the spatially heterogeneous
scenario. The positive impacts for especially this scenario is the result of the increased
competition between drivers over parking places, which gives informed drivers an advantage
over regular drivers.
These improvements in results in comparison to our earlier study, using a homogeneous
environment and homogeneous agent behavior, show that heterogeneity plays an important
role in information provision in the field of parking. Interestingly, improvements in results
regarding walking distance are less pronounced than search time results in comparison to
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homogeneous simulation settings. This is most likely due to the fact that walking distance is
already improved considerably during the simulation runs with homogeneous settings, which
does not leave much room for further improvement. Information indeed seems to enable
drivers to identify and occupy a parking place closer to their destination.
The results of this study should, of course, be placed in context. They concern a rather
straightforward situation, in which the street network resembles a Manhattan grid.
Considering the positive effect of spatial heterogeneity on results, the use of bottom-up
parking information could even have bigger impacts, in terms of walking distance and search
time, in the case of a more complex road network, similar to the ones that can be found in
most historic cities.
It should also be noted that we have assumed that informed drivers cannot reserve the onstreet parking place of their choice. This implies that a parking place may already be occupied
by another car when a driver arrives at the designated location. In future research we want to
address this issue by either implementing a reservation strategy or by providing drivers with
aggregate information on available parking places, for instance on a city block or a street
segment. By aggregating information on occupancy on a higher level than a single on-street
parking place, it may be possible to provide a more accurate estimation of parking availability
upon arrival. Furthermore, this principle would allow for a reduction in costs when applying a
sensor strategy, as not all parking places need to have a sensor in order to determine the
occupancy rate at an aggregate level.
In spite of these remarks, this research shows that the benefits of bottom-up information
provision may well be substantially smaller than may be expected on theoretical grounds.
Indeed, the societal benefits of providing information to drivers on parking availability do not
necessarily offset the costs for implementing a sensor system in a large area. Of course the
benefits of such a system are dependent on the specific circumstances. As mentioned before, a
more realistic environment might lead to a greater reduction in search time. Besides the
impacts on walking distance and search time, drivers could also ascribe substantial (monetary)
value to a reduction in the inherent uncertainty of finding an on-street parking place.
All considered, bottom-up information provision may deliver positive societal benefits,
especially in situations with heterogeneous demand. However, the extent to which
information provision contributes to a reduction in air pollution and traffic congestion
requires additional analyses. These analyses should include experiments with a more complex
street network and realistic distribution of parking demand over space and time, as well as
experiments that include information provision at a higher level of aggregation or a
reservation system. Such studies could provide additional insight into the benefits of bottomup information technologies and especially into the dynamics that arise when implementing
parking sensor technology in real-world situations. The latter may, in turn, provide valuable
input to decision-making about whether or not to invest in a sensor-based system.

Chapter 5
Bottom-up information provision and parking space
reservation
Tasseron, G., & Martens, K. (2017). Urban parking space reservation through bottom-up
information provision: an agent-based analysis. Computers, Environment and Urban Systems,
64, 30-41.

5.1 Introduction
Cruising for parking has become a problem in downtown areas in major cities around the
world, as was shown for several US cities (Shoup, 2005b) and several European cities
(Gantelet & Fauconnier, 2006). To overcome the unwanted externalities accompanied with
cruising for parking, e.g. pollution and waste of resources (time and fuel), provision of
information to drivers is regarded as a promising strategy. Facilitated by recent advances in
wireless and mobile communication technologies, mainly Vehicle-to-Vehicle (V2V) and
Vehicle-to-Infrastructure (V2I) communication, real-time information provision to drivers has
become a practically feasible possibility. These wireless communication techniques allow for
highly detailed information provision, temporally as well as spatially. The potential benefits
of V2V and V2I communication to overcome congestion and pollution caused by cars looking
for parking has recently been underscored by the US Department of Transportation in its
report Beyond Traffic 2045 (US Department of Transportation, 2015).
Yet, contrary to the assumed advantages of information provision to drivers, previous
research has shown that information on on-street parking spaces only benefits drivers under
specific circumstances and only if (almost) complete information on vacant parking spaces is
available through in-street parking sensors (Tasseron, Martens, & Heijden, 2015).
Furthermore, the most important improvements for informed drivers are not due to a
reduction in search time, but are the result of reductions in the distance between parking space
and final destination and the related time gains of the reduced walking distance. Moreover,
drivers without information are confronted with an increase in their cruising time. Thus,
information provision can be effective on the individual level, but the overall societal benefits
in terms of total time savings, reductions in fuel consumption, and reductions in pollution
remain unclear.
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This paper continues the study of information provision in the field of parking by analyzing
the impact of parking reservation, i.e. the possibility for car drivers to reserve an on-street
parking space before reaching their destination. The main aim of this paper is to
systematically study the effect of parking reservation on cruising for parking. Intuitively, it
may be expected that a reservation system, if adequately enforced, should result in a decrease
in the time needed to find a suitable parking space and thus in a decrease in pollution and
waste of resources. Furthermore, parking space reservation can possibly decrease the distance
between the parking location of the vehicle and the final destination of the driver, which is a
clear benefit for individual users.
The paper is organized as follows. Following this introduction, we describe bottom-up
information gathering and dissemination and reservation in the domain of parking (Section
5.2). Section 5.3 describes the technical details of the simulation: the agent-based modeling
tool that has been used to run the simulations, the procedures of bottom-up information
provision and parking reservation, and the simulation setup. In Section 5.4, the results of the
simulation runs are presented. We end with conclusions and paths for future research (Section
5.5).

5.2 Literature review
The provision of information on occupancy rates at off-street parking facilities is common
practice in many cities in the world and its impacts have been investigated in a number of
studies, e.g. (Ni, Sun, & Peng, 2015; Teng, Qi, & Martinelli, 2008; Van der Waerden et al.,
2002). The recent advances in communication technologies allow for more fine-grained
gathering and dissemination of information, up to the level of single parking spaces, enabling
information provision on on-street parking spaces. Various technologies are capable of
providing information on these spaces. One possibility is the application of vehicle-to-vehicle
communication using so-called Vehicular Ad-Hoc Networks (VANETs) (Caliskan et al.,
2006; Prinz et al., 2009; Szczurek, Xu, Wolfson, et al., 2010; Tasseron & Schut, 2009;
Vaghela & Shah, 2011; Verroios et al., 2011; Wischhof et al., 2005). VANETs are attractive
for providing information on the availability of individual parking spaces as they enable a
bottom-up diffusion of local data. This paper builds on previous research on this subject in
which we explored the use of VANETs in a parking context (Tasseron, Martens, & Heijden,
2015; Tasseron, Martens, & van der Heijden, 2015). In these papers we have compared the
impacts of a Vehicle-to-Vehicle (V2V) communication strategy, in which ‘smart’ vehicles are
able to exchange messages about parking availability, with a Sensor-to-Vehicle (S2V)
communication strategy in which on-street parking sensors are capable of disseminating their
vacancy status to smart vehicles. Both papers showed that a V2V strategy does not result in
search time improvements or reductions in walking distance, due to the inability to inform
smart cars on all available parking spaces close to their final destination. The performance of
a S2V strategy is somewhat better, but also in this case search time is only improved under
specific circumstances (notably, a high occupancy rate). At lower occupancy rates, drivers are
likely to park their car before reaching the final destination, which results in no search time.
As a result, search time is on average very low, leaving not much room for improvement.
Furthermore, another reason for these perhaps somewhat unexpected results lies in the fact
that drivers relying on information on vacant parking spaces may find the suggested parking
space occupied by another driver, forcing them to continue driving to another parking space.
Two strategies may improve the impacts of bottom-up information provision for drivers as
well as society: first, providing aggregate information; second, a reservation system. For the
first solution, smart cars receive information at a more aggregate level than that of a single on-
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street parking space (Verroios et al., 2011; Vlahogianni, Kepaptsoglou, Tsetsos, & Karlaftis,
2015). By providing information to drivers at a more aggregate level, like street segments or a
city block, it may be possible to provide better estimations to drivers regarding the chance of
finding a parking space close to the destination. Although this approach may improve
performance, it clearly cannot provide complete certainty to drivers about finding a vacant
parking space when arriving at the designated area. The second solution, a reservation system,
can overcome the issue that multiple cars are heading for the same parking space and can thus
reduce or even eliminate competition over parking spaces among informed drivers. Two
caveats of this reservation approach are worth mentioning here. First, the reservation system
requires enforcement to avoid car drivers (with or without information) from illegally
occupying a reserved parking space. Second, a reservation system will require a ‘booking’ for
a time slot that is at least slightly longer than the intended parking duration of a driver. Such a
system thus de facto reduces the effective parking capacity, which may in turn increase search
time, even if only marginally, for all cars looking for a parking space (Levy et al., 2013). In
what follows, we will focus on the possible benefits of the second solution, a reservation
system. We will explicitly assess the impacts of such a system on parking capacity, while
assuming perfect enforcement of the reservation system.
Reservation of parking spaces has been studied under various conditions. A number of
authors have analyzed reservation schemes for reserving a space in parking lots (S.-Y. Chou,
Lin, & Li, 2008; Geng & Cassandras, 2012; Shin & Jun, 2014; Srikanth et al., 2009;
Teodorović & Lučić, 2006; Tsai & Chu, 2012; H. Wang & He, 2011). These studies are less
relevant to understand on-street parking, given the large differences in terms of the spatial
environment in which drivers are searching for a parking space. Reservation systems for onstreet parking have been studied using mathematical and game theoretic approaches (Kaspi,
Raviv, & Tzur, 2014; W. Liu, Yang, & Yin, 2014; Zhao, Triantis, Teodorović, & Edara,
2010). Both approaches inevitably ignore the spatial dimension of the parking phenomenon.
As shown in earlier research, this spatial component is crucial and cannot be neglected (Levy
et al., 2013).
More recently, parking space reservation schemes and comparable initiatives have been
studied using simulations. Three studies are especially relevant for our paper (Delot et al.,
2013; Kokolaki, Karaliopoulos, & Stavrakakis, 2012; Kokolaki et al., 2013a; Zhao, Triantis,
& Edara, 2010). Kokolaki et al. (2012, 2013a) compared a centralized reservation system with
a V2V-based information sharing approach without reservation capabilities. The simulation
setting is that of 4 x 4 grid, encompassing a total of 25 parking spaces. In this simulation, cars
with V2V-capabilites are able to monitor on-street parking vacancies and disseminate this
information opportunistically to other drivers. The results show that the V2V-approach can
outperform a centralized approach, but whether this holds depends on the local circumstances,
notably the spatial distribution of demand and the changes in demand over time. Delot et al.
(2013) propose a distributed parking space reservation scheme, in which vehicles vacating a
parking space selectively distribute this information to their proximity. Competition for
parking is controlled by assigning parking spaces to drivers based on the so-called encounter
probability, which denotes the relevance of the information for the particular driver. Drivers
respond to all messages they receive on available parking spaces. Subsequently the
coordinator of each vacant parking space, which is preferably the car that just left the
corresponding parking space, chooses the ‘best’ car among the respondents and sends out a
message of approval. To finalize the agreement, the driver also needs to confirm the
reservation of the parking space. The method does not give complete certainty to the car
driver, i.e., it is still possible to arrive at an allocated parking space and find it occupied.
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Experiments are performed for off-street and on-street parking separately. The results show
that the reservation system yields positive benefits in the off-street scenario when the number
of cars searching for parking exceeds the number of available parking spaces. For the onstreet scenario the experiments are only varied by the number of cars in excess of the number
of parking spaces. Results show that the reservation scheme yields an improvement in search
time between 6 – 13%. The impacts on walking distance were not studied. Zhao et al. (Zhao,
Triantis, & Edara, 2010) present the design and impact of a new travel demand management
approach, namely the Downtown Space Reservation System (DSRS), using a microscopic
traffic simulation. The system makes use of a central agency that handles all reservation
requests. Only those cars that get permission can enter the downtown area during the
requested time period. It is assumed that rejected trips are eventually carried out using other
transport modes, e.g. walking, biking or public transit. In order to take into account the
stochastic variations in travel demand, a neural network is used for the decision making
process. The neural network relies on historical data to provide a decision in real time. The
simulated scenarios vary in traffic demand. Performance, in terms of total delay, average
speed and total travelled distance, is measured at the system level. The study finds that
introducing DSRS is only useful in traffic conditions with high demand. At lower demand
levels the impact of DSRS on total delay or average speed is negligible.
This paper continues this research strand by studying the impacts of implementing a
reservation system in an urban setting. Our study deviates from the aforementioned studies in
multiple ways (see Table 5.1). First of all, there is a difference in the way the V2V-approach
is implemented. As stated above, Kokolaki et al. implement a centralized reservation system
and compare this to a V2V-based information system. However, the V2V-approach by
Kokolaki et al. lacks a reservation policy, and it thus does not solve the problem of multiple
cars heading for the same parking space. Furthermore, the simulation environment is
extremely limited, with only four city blocks and only between one and two parking spaces
per block. This makes it impossible to capture the emergent effects in parking, such as
flocking at areas with a high occupancy level (Levy et al., 2013). In contrast to this study, we
implement a reservation scheme that allows cars to exclusively reserve a parking space and
prohibits other users from occupying the space. Like Kokolaki, Zhao et al. also employ a
centralized approach for processing reservation requests. The reservation system assigns
vehicles to one of four subzones of the CBD in which they are allowed to park. Thus, a
reservation is applied at a zonal level and not at the level of single parking spaces.
Furthermore, since only cars with a reservation are allowed in the area, this study de facto
rules out excessive parking demand and is thus not suitable to analyze emergent parking
dynamics under varying conditions of demand. Besides the differences in the reservation
framework, the study is also different from our investigation in terms of the used simulation
environment. Zhao et al. use VISSIM for the simulation, which simulates parking on a per
link basis, thereby neglecting the spatiality of the parking phenomenon that occur even at the
level of street segments. Similar to Kokolaki et al., but in contrast to Delot et al. and Zhao et
al., we also analyze the impacts of a reservation system on walking distance. In contrast to all
mentioned studies, we compare the impacts of a reservation system on the drivers using the
system (smart cars) with drivers who cannot make use of the reservation system (regular
cars). Finally, the scale at which simulations are performed is significantly larger in our study,
as we make use of a simulation environment with almost 15,000 on-street parking spaces. A
comparison between the bottom-up reservation system presented here and a centralized
reservation system is beyond the scope of this paper.
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Table 5.1: Overview of key parameters of similar studies in comparison to the current study
Kokolaki et al.

Delot et al.

Zhao et al.

This study

Centralized or bottom-up

Centralized

Bottom-up

Centralized

Bottom-up

Reservation policy

Single parking
place
(centralized)

Single parking
place

Subzone

Single
parking place

Reservation enforcement

Yes

No

Yes

Yes

Spatially explicit?

No

Yes

Yes

Yes

On-street parking

Yes

Yes

No

Yes

Off-street parking

No

Yes

Yes

No

On- and off-street parking

No

Yes

No

No

Size of simulation environment

25
places

60
parking
places (Lot)

At least 4 parking
lots

~15,000
parking
places

Regular or smart cars?

Only smart cars

Only
cars

Only regular cars

Regular and
smart cars

Validated parking behavior

No

No

No

Yes

Reservation system

Simulation settings

parking

smart

Impacts
Search time



Walking distance



Overall time



Search time at system level



Walking time at system level










Overall time at system level
Average speed
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5.3 Methodology
In this subsection we describe the technical part of the simulations. We first discuss the
simulation software and the simulation environment, then present the procedure for bottom-up
information provision, followed by the implementation of the reservation system, and end the
section outlining the simulation setup.
5.3.1 Parkagent
In line with prior research on this topic (Tasseron, Martens, & Heijden, 2015; Tasseron,
Martens, & van der Heijden, 2015) we use the PARKAGENT (Benenson et al., 2008)
simulation model to study the effects of parking reservation on parking dynamics.
PARKAGENT is a spatially explicit, agent-based, model for parking simulation, which
integrates a realistic parking behavior heuristic and generates data on cruising time, cruising
distance, walking distance and spatial distribution of parked cars. The street network used for
our simulations is that of a grid (11x11 city blocks), which allows for systematic analyses of
parking dynamics. The environment is similar to that used in other studies (Arnott & Inci,
2006b; Levy et al., 2013). On-street parking spaces are distributed uniformly over the street
network; there are no off-street parking facilities. Buildings, which are the destinations for the
cars entering the simulation environment, are also evenly distributed over space. However,
demand is distributed heterogeneously over the buildings. The simulation environment is
similar to the one used in Tasseron et al. (2015) and mimics that of a city center with high
demand for parking in the most central city block. While the simulation environment consists
of 11x11 city blocks, the study area only encompasses the central 5 x 5 city blocks. Data are
only presented for cars that have a destination within this central zone. This is done to prevent
border effects from influencing the results of the simulation. It is beyond the scope of this
paper to present the PARKAGENT simulation tool comprehensively, see (Benenson &
Martens, 2008; Benenson et al., 2008; Martens & Benenson, 2008) for detailed explanations.
5.3.2 Bottom-up information provision
The used bottom-up communication scheme is described below in concise terms. For a more
elaborate description, see Tasseron et al. (2015). In the simulation a distinction is made
between regular cars that are not able to communicate and smart cars. Smart cars are capable
of sending messages to other smart cars within a transmission range of 200 meters (following
(Demmel et al., 2012)). Every on-street parking space is equipped with a sensor, which is
capable of sensing the current status of the parking space (vacant or occupied) and is able to
communicate (within 200 meters) with smart cars. The transmission interval of messages is
set to 5 seconds for both smart cars and sensors. The messages consist of the following
attributes: (1) the timestamp at which the parking space became vacant; and (2) the location of
the parking space, stored as a coordinate.
Upon receiving a message on an available parking space, a smart car will process the
message. Messages can be stored in two different databases: a private database and a public
database. When looking for a parking space, incoming messages are ranked according to their
usefulness and, if useful, stored in the private database. In addition, all incoming message are
stored in a public database, which is regularly shared with other smart cars. Both databases
have a limited capacity and store the best-scoring messages.
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5.3.3 Parking reservation
In line with the principle of bottom-up information gathering and provision, reservation
management is administered in a similarly distributed fashion. Each parking space manages
the reservation process on its own. In order for a reservation scheme to work, several
enhancements have been made to the previously employed procedure of bottom-up
information provision. Cars now have the capability of sending out a request for a vacant
parking space, and are able to receive confirmations on said requests. Furthermore, each
parking space is changed from an entity that is only able to send out messages at regular
intervals to a node in the system that is able to manage requests and send out confirmations.

Figure 5.1: Overview of the request, confirm and reservation process
The reservation process for the car is as follows (see Figure 5.1):
-

A smart car receives messages on vacant parking spaces from nearby parking sensors
and nearby smart cars.

-

When the car is close to the final destination (within 300 meters), the smart car ranks
different possibilities according to equation 5.1 (below). Subsequently, the best
parking space is chosen from this ranked list of vacant parking spaces.
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-

The smart car sends out a request for the preferred parking space to nearby smart cars
and parking sensors. The smart car also sends out a request for the second-best parking
space in its database in order to increase the chance of quickly getting a confirmation.

-

In the mean time, smart cars act as carriers and automatically propagate received
messages to other nearby cars and parking sensors on a regular interval.

-

When the smart car does not receive a message within the maximum allowed
answering time, the requested parking space is ignored and the smart car sends out an
extra request of the next best available parking space in its database.

-

As soon as the smart car receives a confirmation on a requested parking space, the cars
destination is changed to this actual parking space. When the smart car is already
heading for a reserved parking space, the parking space of the confirmation is
compared to the current reserved parking space and the best among the two is chosen
as the destination.

Where:

The reservation system does not always lead to an actual reservation of a parking space.
Therefore, it is important to describe the parking process of smart cars in more detail. In the
model, smart cars, like regular cars, move through three stages: drive to target area, estimate
local parking situation, and passed destination. Furthermore, it is important to note that all the
agents always use Dijkstra’s shortest path en route to their destination. In the first stage, smart
cars collect data on available parking spaces through bottom-up information provision. In this
stage, cars always continue driving to the target area, as all parking spaces are considered to
be too far away from the final destination. Towards the end of this stage, smart cars send out
reservation requests in case a relevant parking space is available. In the second stage, regular
and smart cars estimate the local parking situation in order to assess whether vacant parking
spaces can still be expected before reaching the destination. Furthermore, in this stage, smart
cars are willing to park at a vacant spot if it is within their initial preferred walking distance
(set at 120 meter) and if the car has not received a confirmation on a reservation request.
Under these conditions, the smart car thus behaves as a regular car. However, if a smart car
has already received a confirmation for a parking space, the car will only park at the
encountered parking spot if it is closer to the final destination than the reserved parking space.
A car enters the last stage of the parking process, when the final destination is passed without
finding a parking place. In that case, a car will always park at an empty parking space it
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encounters along the way, regardless whether it has received a confirmation on a requested
parking space or not. The route depends on the situation. If a smart car has successfully
reserved a parking space it will keep on driving towards the suggested location. If no
reservation has been made, the smart car behaves as a regular car in this stage and will search
around the final destination with increasingly bigger circular movements.
In a similar fashion to smart cars, the parking sensor is also able to store messages in a
database. The sensor has a database for messages on available parking spaces, similar to the
public database in the smart car. The messages in this database are sent to nearby cars at a
regular interval. The only additional information that is stored in the sensor is the
confirmation information when the parking space reservation is finalized.
The process for the parking sensor is as follows (see Figure 5.1):
-

The sensor continuously monitors the occupancy status of the parking space.

-

When the parking space is available, the sensor broadcasts the vacancy at regular
intervals to nearby cars.

-

Similar to the smart cars, the sensor propagates, at a regular interval, other messages
which it received from smart cars or sensors to nearby smart cars and sensors .

-

Upon reception of a reservation request the sensor checks whether the request
concerns its own parking space. If so, the parking space is reserved and assigned to the
car according to a first-come-first-serve basis. If the parking space is already reserved,
the request is ignored. In the first case, a message is sent back to the requesting car. In
the latter case, no message is sent.

When the parking space is reserved, the sensor sends out the confirmation on the reservation
to nearby cars. This kind of broadcast is repeated on a regular interval. The sensor removes a
reservation as soon as the designated car parks at the parking space, or when the reservation
has expired, i.e. when the maximum allowed answering time (150 sec., see Table 5.2) has
passed. This maximum reservation expiration time has been set so that it is sufficiently long
for a driver to reach the reserved parking space and park the car, but has been kept as short as
possible to prevent a detrimental impact on overall parking vacancy. A short time period is
also used since cars only start sending out reservation requests when they are within 300
meters of the final destination. Additionally, a short time avoids that reservation requests keep
circling around between smart cars and sensors. Note that smart cars not receiving a
confirmation within the predetermined request expiration time (50 sec.), assume that the
parking space is not vacant anymore or has been designated to another driver. The value of 50
seconds has been chosen based on the simulation results that show that over 95% of the smart
vehicles receive a confirmation on a request within 50 seconds.
5.3.4 Simulation setup
We have run a number of series of simulations, differing in terms of the initial occupancy rate
and the penetration rate of smart cars. The initial occupancy rate is the percentage of parking
places that are occupied at the start of the simulation. The penetration rate is the ratio of cars
that are equipped with communication capabilities, i.e. smart cars. Important to note is that in
contrast with our previous study (Tasseron, Martens, & Heijden, 2015) the occupancy levels
are not constant over time in the study zone. While the number of vehicles that depart and
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arrive during a simulation run are kept equal, the occupancy levels differ spatially due to the
spatial heterogeneity of the simulation environment in terms of parking demand. This means
that the occupancy level in the study zone (the five inner blocks) increases over time, while it
decreases outside the study zone (the outer blocks).
Table 5.2: Simulation parameters
Parameter

Value

Grid size

11 x 11 (1,100 x 1,100 meters)

Length per street segment

100 meters

Number of parking spaces

14,760

Number of departing/arriving vehicles

2,021 – 2,246

Turnover rate per hour

1.05 – 1.15

Driving speed

12 km/h

Walking speed

3 km/h

Simulation runtime

60 minutes

Communication range

200 meters

Communication interval

5 seconds

Initial preferred maximum walking distance

120 meters (‘as the crow flies’)

Maximum tolerable walking distance

400 meters

Request expiration time

50 seconds

Reservation expiration time

150 seconds

We assess parking performance of individual cars based on two indicators: search time and
parking distance. Both indicators are calculated for regular cars and smart cars separately.
Search time is defined as the excess time needed to find a parking space in comparison to the
optimal travel time to the most optimal parking location with respect to the final destination.
This is the same definition of search time that was coined in our prior paper (Tasseron,
Martens, & Heijden, 2015). All drivers that park within that optimal time frame on the
optimal parking space or on a parking space en-route to the optimal parking space, are
considered to be drivers with zero search time. This definition may slightly over-estimate the
search time, as the optimal search time is calculated without taking into account congestion.
This, however, does not hinder the comparison of the various scenarios, as congestion will
occur in all simulations. Walking distance is defined as the air distance between the final
destination and the selected parking space. At the level of the entire system, performance is
measured using three indicators: total search time, total walking time, and the number of
parking failures. The combination of the first two indicators results in the parking time, which
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is the total amount of time spent by all drivers in the simulation to find a parking space and
walk to their final destination (equation 5.2). The time to walk to the final destination is
multiplied by two as this has to be traversed two times, once from the car to the destination
and once from the destination back to the car.

Where:
dw = air distance

between parking space and final destination

vwalk = walking speed
St = search time
A parking failure is defined as a car that failed to find a parking space within 10 minutes after
entering the simulation. The rationale behind this indicator is that drivers with very high
search times are more likely in a real-world setting to stop searching for on-street parking and
instead revert to a (less attractive) off-street parking facility or drive to another destination.
Because of the stochastic nature of the simulation, the results presented in the next section are
based on three runs for each unique simulation setting (varying occupancy rate and
penetration rate).
Table 5.3: Difference in occupancy level between actual occupancy and reserved occupancy
for different penetration rates
Penetration
rate

Initial occupancy rate 90%
Occupancy
rate

Occupancy
rate+

Initial occupancy rate 95%
Diff

Occupancy
rate

Occupancy
rate+

(%)

Initial occupancy rate 100%
Diff

Occupancy
rate

Occupancy
rate+

(%)

Diff
(%)

0.2

91.9

92.8

0.9

96.5

97.3

0.7

99.3

99.7

0.4

0.4

91.9

93.5

1.7

96.9

97.7

0.8

99.3

99.7

0.4

0.6

91.6

93.9

2.5

97.1

97.8

0.8

99.3

99.6

0.4

0.8

91.9

95.1

3.5

97.0

98.9

1.9

99.3

99.8

0.5

1.0

91.8

94.8

3.2

96.8

97.7

0.9

99.3

99.9

0.6

5.4 Results
This section presents the results of the simulation runs. First, the development in parking
occupancy rate in the study zone is described, as it impacts search time and walking distance
for the individual drivers. We then discuss the results per user group (regular cars and smart
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cars). This is followed by a presentation of results at the system level.

5.4.1 Development of occupancy level
The occupancy level is an important aspect of the simulation, as it greatly influences the main
performance indicators, i.e. search time and walking distance. Two factors influence the
development of the occupancy level over time: spatial heterogeneity of parking demand and
parking space reservations. Because of the spatial heterogeneity of demand and the
assumption of uniform departure over space, the number of parked vehicles in the vicinity of
blocks with a high demand for parking will increase, while the occupancy level in blocks with
low demand will decrease over time. The latter blocks, however, are located outside the study
area. Furthermore, as mentioned in section 5.2, the effective parking capacity is reduced when
a reservation policy is implemented. This is so, because drivers using the reservation system
claim a parking space slightly longer than they actually park. The reduction in capacity is
illustrated in Table 5.3 by the actual average occupancy rate in comparison to the occupancy
rate which includes the reserved parking spaces (called Occupancy rate+). Due to the
reservation system, the share of available parking spaces drops between 0.4% and 3.5% in
comparison to share of parking spaces that is actually unoccupied. This reduction in capacity,
of course, scales with the penetration rate. At a penetration rate of 0.6, 0.8 and 1.0, capacity is
on average reduced by 2.5% to 3.5% (highlighted in Table 3), at an initial occupancy rate of
90%. For this initial occupancy rate of 90%, the two factors combined translate into an
occupancy level of around 95% at the end of the simulation runs. Similarly, for runs with an
initial occupancy rate of 95%, the two factors result in occupancy levels close to 100%
towards the final stages of the simulation runs. For the runs with an initial occupancy rate of
100% the effect is small, due to the fact that very few parking places are available and can
thus accept a reservation request.

Figure 5.2: Search time for regular cars and smart cars, for different occupancy rates and
penetration rates
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5.4.2 Results at the individual level
The simulation runs show that a reservation system leads to reductions in search time for
smart cars, but increases the search time for regular cars. The benefits for smart cars are small
for an initial occupancy rate of 90%, but substantial for initial occupancy rates of 95% and
100%. However, these improvements in search time come at a great cost to regular cars. They
see a (drastic) increase in search time, especially at an occupancy rate of 100%. This effect is
in part the consequence of the reduction in available capacity due to the reservation system, as
described in the previous paragraph (see Figure 5.2).
The impact of increments in the penetration rate of the reservation system depends on the
initial occupancy rate. The penetration rate has no impact on the average search time of smart
cars at an occupancy rate of 90%. This changes for the higher initial occupancy rates: for the
95% initial occupancy rate search time slightly increases with every increase in penetration
rate, while for the 100% occupancy rate search time increases even more with every
increment in penetration rate. Thus, benefits for each smart car separately go down as more
and more cars use the system. The search time for smart cars at a penetration rate of 1.0 even
reaches a similar level as the search time for regular cars in the base situation, at least for an
occupancy rate of 100%. Under these conditions, the actual benefit of a reservation system in
terms of search time is thus nil. Interestingly, with a penetration rate of 1.0 and an initial
occupancy rate of 95%, cars do experience a small decrease of 16% in search time in
comparison to the base situation.

Figure 5.3: Walking distance for regular cars and smart cars, for different occupancy rates
and penetration rates
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In contrast to search time, performance in terms of walking distance does improve for smart
cars, for all occupancy rates and for all but the highest penetration rate, at only a small cost
for regular cars (Figure 5.3). Walking distance, the distance between the parking location and
the final destination, is reduced the most for smart cars at an occupancy rate of 90%. The
benefits gradually decrease with every increase in penetration rate, due to increased
competition between smart cars. Similar to search time, the average walking distance for
smart cars at a penetration rate of 1.0 and 100% occupancy rate is roughly equal to the
average walking distance in the base situation. Like before, full penetration of the information
technology thus brings the drivers back to ‘square one’ at an occupancy rate of 100%, at least
in terms of walking distance and search time (drivers may experience other benefits from a
reservation system, for instance reduced uncertainty about finding a parking space). However,
for an initial occupancy rate of 90% or 95% the reduction in walking distance remains
substantial, also in case of full penetration of the reservation technology.
Obviously, at higher rates of penetration the competition between smart cars is increasing.
This is illustrated by the decrease in the fraction of cars that succeeds parking at a reserved
parking space at increasing penetration rates. To understand why this is so, it is important to
mention why a smart car would park at a different parking space than a reserved parking
space. The car can do so in two cases: first, if a vacant parking space along the road is closer
to the final destination than the reserved parking space; and, second, if the car has passed the
final destination without finding a parking space and comes across a vacant parking space
before arriving at the reserved space. With a higher penetration rate and thus increased
competition between smart cars, the chance of reserving an optimal parking space, i.e. a
parking space close to the final destination, becomes smaller and smaller.

Figure 5.4: Search time for all cars, for different occupancy rates and penetration rates
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The consequence is that a car is more and more likely to come across a vacant non-reserved
parking space (which in most cases will have been vacated just recently, as otherwise it would
already have been reserved) which is closer to the final destination. This principle holds while
the car is on-route to the final destination, but also when it has already passed the final
destination.
5.4.3 Results at the system level
Considering the increase in search time for regular cars and the decrease in search time for
smart cars, it is yet unclear what the results are on the system level. In order to study this, the
overall search time has been calculated for every combination of occupancy rate and
penetration rate (Figure 5.4). The figure shows that almost all benefits reaped by smart cars
are equaled by the costs incurred by regular cars in terms of search time, resulting in virtually
no overall benefits at the system level.
System level performance regarding walking distance shows a different pattern (Figure 5.5).
Here, the benefits for informed drivers of smart cars do not (entirely) come at a cost to regular
drivers. For occupancy rates of 90% and 95%, total walking distance decreases in comparison
to the base situation, across all penetration rates. For an occupancy rate of 100%, the decrease
in total walking distance is only observable at penetration rates between 0.4 and 1.0.
The overall parking time, defined as the time needed to find a parking space and walk to and
from the final destination, combines the two preceding results into one. Considering that
search time did hardly improve at the system level, the observed reductions in overall parking
time are due to improvements in walking distance for most settings. Thus, similar as for

Figure 5.5: Walking distance for all cars, for different occupancy rates and penetration rates
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Figure 5.6: Ratio of cars that failed to park for regular cars and smart cars, for different
occupancy rates and penetration rates
walking distance, the overall performance of the system is improved for occupancy rates of
90% and 95%, irrespective of penetration rate. For an occupancy rate of 100%, (virtually) no
improvement is observed for penetration rates of 0.2 and 1.0, while the overall benefit is at
least 5% for penetration rates between 0.4 and 0.8.
A final performance indicator at the system level relates to the share of cars that failed to
park, i.e. cars that do not find a parking space within 10 minutes search time (Figure 5.6).
Here, the system performance varies greatly by occupancy rate. For the initial occupancy rates
of 90% and 95%, the impact on the percentage of parking failure for regular cars is marginal,
with the exception of the scenario combining an occupancy rate of 95% and a 0.8 penetration
rate. For a 100% occupancy rate, smart cars have substantially higher chances of finding a
parking space within ten minutes search time than regular cars. At lower penetration rates (0.2
and 0.4), the probability of not finding a parking space in time is decreased to less than 3% for
smart cars, in comparison to 12.5% in the base situation. At higher penetration rates, the share
of smart cars that fail to find a parking space within 10 minutes increases gradually, up to a
similar level as the base situation (~12.5%) for the case where all cars are equipped with
vehicle-to-vehicle communication technology. These benefits for smart cars at an initial
occupancy rate of 100% come at a cost for regular cars: the share of regular cars that fails to
find a parking space increases immediately with the introduction of a reservation system and
goes up further with every increment in penetration rate. The result is that the share of regular
cars that failed to park increases from 12.5% in the base situation to 25% at a penetration rate
of 0.6, and more than 30% at a penetration rate of 0.8.
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5.4.4 Additional analyses
All results above are derived from simulation runs in a simulation environment with
heterogeneously distributed demand, as this is a more realistic setting than that of an
environment with spatially uniform demand. Clearly, this increased the benefits of a
reservation system for smart cars in comparison to the case in which occupancy rates remain
roughly stable during the simulation runs. Nonetheless, additional runs (only for penetration
rates ranging from 0 to 0.4) have been performed to study the dynamics in a uniform
environment (as used in (Tasseron, Martens, & Heijden, 2015)). These runs resulted in similar
findings as the ones described in section 5.4. The reservation mechanism improves the
performance for smart cars in terms of search time (for 95% and 100% occupancy rate) and
walking distance (all occupancy rates), but also comes at a cost, especially in terms of search
time, for regular cars. These benefits for smart cars are in contrast with the findings in
Tasseron et al. (2015), in which dynamics were studied without the use of a reservation
system. In that study, search time did not improve for smart cars, regardless of penetration
rate or occupancy rate. Furthermore, reductions in walking distance were substantially smaller
in comparison to scenarios with reservations as presented in the current paper.
Considering the rise in search time and walking distance with increasing penetration rates, a
more positive impact could possibly be achieved at penetration rates lower than 0.2. For this
reason additional experiments have been performed for penetration rates of 0.01, 0.05 and 0.1.
These simulation runs show that early adopters do not benefit in terms of search time for an
occupancy rate of 90%, in comparison to the results at a penetration rate of 0.2. However, for
occupancy rates of 95% and 100% search time decreases for smart cars with every drop in the
penetration rate due to a reduction in the competition between smart cars. Walking distance is
even further reduced at lower penetration rates, for all studied occupancy rates (90%, 95%
and 100%). The negative impacts on regular cars are limited, but so are the benefits for the
overall system, due to the small penetration rates.
Additional runs were also performed for an occupancy rate of 80% and a penetration rate of
0.2. These resulted in similar search times for regular cars and smart cars. Based on these
outcomes, we conclude that a reservation system does not generate any benefit in terms of
search time below an occupancy rate of 90%. However, walking distance is reduced at this
lower occupancy rate of 80%, by about 66%. Even at an occupancy rate of 50% (penetration
rate 0.2), the reservation system allows for shorter walking distances for informed drivers (a
reduction of ~70%).

5.5 Conclusion
The aim of this paper was to study the impacts of a reservation system for on-street parking.
In contrast to other research on this topic, the impacts of a reservation system on smart cars
and regular cars is studied. The agent-based methodology that was applied in this study
generates detailed information on search time and walking distance for every single car.
Additionally, it enables us to perform simulation runs at a highly detailed spatial resolution.
This high resolution enables us to study spatial emergent effects that are not observable using
more aggregate simulation methods. Despite the high level of detail, the number of vehicles
and parking places that are simulated is significantly higher in comparison to other studies on
this subject.
The results of the simulations show substantial benefits for the users of a reservation system
(smart cars), but only limited benefits at the system level. Individual users benefit in terms of
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both reduced search time and reduced walking distance occur under all simulated
circumstances. This is in contrast to our prior studies without a reservation possibility, in
which reductions in search time only occurred under a limited set of circumstances (notably,
an occupancy rate of 100%). Furthermore, the results show that smart cars have a
substantially higher chance than regular cars to find a vacant parking spot within 10 minutes,
and that the reservation system increases these chances in comparison to a situation with
information on on-street parking spaces but without a reservation option. The results with
respect to penetration rate show that early adopters of the system benefit more in terms of
search time and walking distance than late adopters. This is so, because the benefit in search
time and walking distance decreases when the share of smart cars increases. This effect is
especially notable when the competition for parking is strong, i.e. at an occupancy rate of
100%, when benefits for smart cars drop to zero when all cars are equipped with reservation
possibilities.
At the system level, the reservation system generates less benefits. Search time is hardly
reduced at all, irrespective of the occupancy rate. In contrast, for 90% and 95% occupancy
rates the overall walking distance is reduced significantly. This indicates that a reservation
system leads to a spatially more optimal use of vacant parking spaces in comparison to a
situation without a reservation system. For a 100% occupancy rate, hardly any reduction in
walking distance is observed, irrespective of penetration rate.
These findings obviously relate to our abstract simulation environment. It may well be that a
parking reservation system may lead to some overall reductions in search time in a real-life
context, because of the interactions between cars searching for parking and regular traffic.
Our simulations currently do not take into account any other traffic in the area. Clearly, cars
searching for parking may impact traffic congestion, especially if roads are close to saturation.
This implies that even small reductions in overall search time, or higher driving speeds among
drivers with a reserved parking space, may generate quite substantial time savings if all traffic
is taken into account, due to the non-linear relationship between traffic speeds, traffic volume
and congestion. The size of this effect will depend on local circumstances and cannot be
derived from our simulations.
Note that the aim of this paper was not to optimize a reservation system for on-street parking
spaces. This implies that the benefits reported here may still be improved to some extent, by
optimizing the strategy for parking reservation, for instance based on estimates of future
parking demand. It is, however, highly unlikely that such optimizations will lead to
fundamentally different conclusions about the benefits of a reservation system, given the
pattern of results of the various simulation runs and the already minimal time a parking space
is reserved but not actually occupied.
The results of this study suggest that governments should carefully consider the pros and cons
before investing public funds in reservation systems and related sensor technology. The
findings suggest that the overall benefits to society are relatively limited, especially because
the effects on total search time – and thus on related noise and air pollution – are negligible.
This is so, because the reservation system as described here brings benefits to the earlier
adopters of the system, but often at a cost to drivers who have no access to the reservation
system. At the same time, reservation systems may be attractive from a commercial
perspective precisely because the system brings benefits to the early adopters. Such systems
could also be commercially viable if drivers are willing to pay for a parking reservation and if
the investment costs could be reduced through installation of parking sensors in only a portion
of the available on-street parking spaces.
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Clearly an important issue for any reservation system is the enforcement of reservations. In
our simulations other cars were not allowed to park at an already reserved parking space and
it was implicitly assumed that cars would be prevented from parking at a reserved spot
through an indicator light signaling the status of every on-street parking space. Even if this
solution would be viable in practice, it is by no means guaranteed that all drivers will comply
to the system. A reservation system may thus bring substantial additional costs in terms of
(expedient) parking enforcement, which add to the costs related to parking sensors and related
reservation technology.
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Chapter 6
Vehicle-to-vehicle parking information
dissemination and reservation: the case of Antwerp
6.1 Introduction
The past chapters have shown that information gathering and dissemination in an urban
environment can potentially help to reduce cruising for parking under certain conditions.
Furthermore, it was shown that a reservation mechanism was needed for smart cars to not
only have benefits in terms of walking distance, but also in cruising time. Throughout these
chapters, the level of realism of the simulations has been gradually increased. The current
chapter builds upon the laid out principles and increase the level of realism further. In contrast
to the highly stylized simulation environment in the previous studies, in the current chapter a
simulation environment portraying the old city-centre of Antwerp, Belgium, is used. This
entails a realistic road network, on-street as well as off-street parking places, the introduction
of parking costs and heterogeneous parking supply and demand. Parking performance is
compared for the current situation in Antwerp with a future scenario, in which all on-street
parking places and off-street parking facilities are able to disseminate the current occupancy
status and a reservation system is in place for all parking places. Performance between smart
cars and regular cars is compared. In addition, performance is measured and compared at the
system level, as well as for different areas within the city center of Antwerp.
The research methodology is described in more detail in section 6.2, which covers an in-depth
look at parking demand, parking choice and the simulation environment. In section 6.3 the
simulation setup and the performance indicators are presented. The results of the simulation
runs are presented in section 6.4. Finally, section 6.5 summarizes the conclusions and
addresses some open issues.

6.2 Methodology
In line with the previous chapters the PARKAGENT (Benenson et al., 2008) simulation model is
used to study the effects of information sharing and parking reservation on parking dynamics.
In contrast to earlier chapters, the environment which is used for the simulations represents a
realistic urban environment. The main additions to the simulation in comparison to earlier
versions are: realistic demand, a more elaborate parking choice heuristic, and a more realistic
simulation environment. These three important additions are discussed in the following
subsections.
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6.2.1 Parking demand
In the previous chapters the simulations were performed with homogeneous or stylized
heterogeneous demand. In the real world, parking demand is more diverse. To replicate realworld parking demand, PARKAGENT needs to be enhanced to allow for different patterns for
arrivals and departures. Previously, PARKAGENT only considered arrival and departure
patterns as Poisson processes, which results in arrivals and departures that are independently
and uniformly distributed over a predefined time interval. While this is sufficient for stylized
situations, or in case of modeling areas with uniform demand, it is insufficient when modeling
a heterogeneous area such as the city center of Antwerp. The parking situation in the city of
Antwerp is heterogeneous in various ways: on-street parking places are distributed
heterogeneously over space, parking demand varies greatly between different destination
zones and is distributed heterogeneously within these zones. Because of these characteristics,
it is important to use realistic arrival and departure data, as well as data on parking duration
and initial parking occupancy rate.
In order to allow for realistic arrival en departure patterns, PARKAGENT has been coupled to an
activity-based travel demand model for the Flanders (Belgium) region, the so called
‘Forecasting Evolutionary Activity-Travel of Households and their Environmental
RepercussionS’ (FEATHERS) framework (Bellemans et al., 2010; Kochan, Bellemans,
Janssens, & Wets, 2012). Activity-based models are a type of transportation demand models
that predict on an individual level where and when specific activities, for example work, shop,
visit, etc., are conducted. In combination with these activities the trips to, and from, the
activities are created. Thus, the output of the model consists of activity schedules, that
describe which activities are conducted, at what time, the duration of the activity, the location
of the activity, and, if the agents need to travel to the activity, the used transport mode. All the
involved decisions are modeled using a sequential decision process that consists of many
separate decision trees. The FEATHERS activity-based model is built around five key concepts.
First, travel data are derived from the demand for activity participation. Second, sequences or
patterns of behavior, and not individual trips are the relevant unit of analysis. Third,
households and other social structures influence travel and activity behavior of an individual.
Fourth, spatial, temporal, transportation and interpersonal interdependencies constrain
activity/travel behavior. Finally, activity-based approaches reflect the scheduling of activities
in time and space. Hence, FEATHERS predicts which activities are carried out at what location,
at what time, for how long, with whom, and the used transport mode. The model uses a
synthetic population of agents that represent the actual Flemish population. The synthetic
population was based on an extensive Flemish survey (September 2007 – September 2008)
that gathered data on demographic, socioeconomic, household and travel characteristics.
Additionally, different aggregate household and personal data for the Flanders region was
used to estimate the characteristics for the entire synthetic population. For each agent/person
with its own attributes, the model generates whether a specific activity is pursued or not. If so,
the location of the activity, the duration of the activity and the transport mode are determined
based on the characteristics of this individual.
In order to run FEATHERS for the Antwerp study area, several data layers had to be prepared
and developed. Most notably is the geographical scale at which the simulation takes place in
comparison with a regular scheduling run of FEATHERS. Typically, FEATHERS is run at the
level of transport activity zones. This is sufficient for many purposes, but does not provide
detail on the spatial distribution of parking demand. Therefore, data have been translated
from the zonal level to the level of statistical zones. Where the average size of the smallest
zone employed in ‘regular’ FEATHERS applications (subzone) is 5.7 km2, the average size of a
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statistical zone is only 1.3 km2. The simulation area consists of 22 statistical zones. As will be
discussed below, parking demand at the level of these zones is translated to parking demand
at the level of individual addresses in PARKAGENT.
For our purposes, the FEATHERS model generates schedules for the Antwerp area for a period
of 24 hours, starting at 3 AM for a typical Saturday. Only those activities that are carried out
by car are stored for use in PARKAGENT. For every 5 minute interval, a list of all arrivals and
departures are generated. The list consists of all agents that will arrive in the Antwerp study
zone area (more detail on the environment and a graphical representation can be found in
section 6.2.3) in this particular interval. Additionally, each entry consists of a unique agent
ID, the type of activity, the duration of the activity and an origin-destination (OD) pair. The
FEATHERS model distinguishes nine types of activities. PARKAGENT can only portray four
archetypes of parking agents, i.e. resident, worker, guest or visitor. Therefore, the FEATHERS
activities are converted into one of the four basic agent types used in PARKAGENT as depicted
in table 6.1. The OD-pair consists of the origin and destination combination on the level of
statistical zones. Arriving agents are randomly assigned to one of the actual destinations
(addresses) within their destination zone, which suits the intended activity. Guests and
residents are assigned to residential destinations, while visitors and workers are assigned to
public and commercial destinations. Agents departing from one of the zones in the study zone
area are picked based on their unique ID. Besides trips that are planned within the simulated
environment, many trips have an origin or destination that lies outside this area. To this end,
one unique additional zone is used for agents arriving from, or departing to, the area outside
the study zone.
Table 6.1: Activity translation table
Feathers activity

Parkagent activity

Being at home
Work

resident
worker

Bring/get

visitor

Shopping (daily)

visitor

shopping (non-daily)

visitor

services

visitor

social visits

guest

leisure

visitor

touring

visitor

other

visitor

Another important aspect of the simulation setup is the situation at the start of each run (t =
0). Using real world data on occupancy levels during the night, an average occupancy level
per building block level is defined. At the start of each run, agents are assigned to one of the
on-street parking places, or one of the for-free off-street parking facilities. It is assumed that
all agents that are present in the simulated region at the start of the simulation (3 AM) are
residents. Thus, it is also assumed that the public for-pay parking facilities are empty
overnight. Considering that all trips for the 24 hour period are known, it is beforehand known
which agents are leaving the study area by car during the simulation run and which share of
these agents have done so without having entered the area in the earlier stages of the
simulation. These agents thus ought to have a car parked in a certain zone at the outset of the
simulation run. Some of these agents will have parked their car in privately owned parking
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places, which are not represented in the PARKAGENT environment. To account for this, the
ratio between car-ownership per zone, the number of available public parking places and the
midnight occupancy rate is used to calculate how many cars are parked at a private parking
place. Considering the ratio of car ownership and number of households for each zone, the
number of vehicles in each zone is known. As the occupancy level at t=0 is known, then
(6.1)
Then
(6.2)
And
(6.3)
Where:

Using the above fraction, the agents that ought to leave a public parking place during the day
are designated over the simulation area based on their origin zone. The agents all get assigned
a unique ID derived from the FEATHERS data. Additionally, not every car parked at a public
parking place is leaving this particular simulated day. For this reason stationary agents are
randomly assigned to public on-street parking places within each building block zone until the
observed occupancy level is reached. These agents get assigned a unique ID that does not
match an ID from FEATHERS, in order to distinguish agents that need to leave from agents that
are stationary.
Based on the process described in the previous paragraph, the starting situation of the
simulation is resolved. The arrivals and departures during the simulation run are based on the
FEATHERS data as well. For every 5 minute interval PARKAGENT collects the output data from
FEATHERS for that particular time frame. Again, the fraction of privately parked vehicles
within each zone is used to define stochastically whether an agent parks at a private parking
place or at a public parking place. Note that this fraction on a zonal basis is only used for
residents. Due to the absence of detailed information on private parking spaces for employees,
the fraction of employees that park at a private parking place is estimated for the entire
simulation area. This employee fraction is based on a survey that has been carried out by the
parking authority in Antwerp. Guest and visitors are assumed to always park at a public
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parking place. Only the agents that are designated to park at a public parking place are being
simulated and contribute to the overall results on search time and walking distance. For
departures that leave the simulation area, it is not necessary to use the fraction of privately
parked vehicles. Based on the ID that is in the FEATHERS data the associated agent can be
found. When the associated agent is found, the car is removed from the simulation
environment. The actual driving away from the parking place is not simulated.
6.2.2 Parking choice
In the previous chapters the simulation environment did not feature off-street parking options,
nor did it feature parking costs. Therefore, the decision for agents on where to park was only
based on a trade-off between walking distance of an identified free parking place and the
uncertainty of finding another (better) available parking place en-route to the final destination.
The heuristic is not sufficient for the current experiments. The city center of Antwerp is
characterized by different parking regimes for on-street parking, as well as for-free and forpay off-street parking. This implies that driver agents will take parking cost into account when
selecting a parking place. The parking choice heuristic has to reflect this situation. This
implies that the choice behavior of the agents in PARKAGENT needs to be extended.
The extended parking choice heuristic combines elements of the rational approach and the
bounded rationality approach to model choice behavior. In line with the latter approach, it is
assumed that driver agents not necessarily choose the best option that is available. The
starting point of the extended parking choice heuristic is the assumption that drivers have
information on the different parking options available to them. This is in line with the
traditional rational utility approach to model choice behavior and has also been assumed in
similar parking models, such as SUSTAPARK (Dieussaert et al., 2009) and PAMELA (Van der
Waerden, 2012). However, to account for bounded rational behavior the final choice from the
set of alternatives is not based on the principle of maximization. Rather, the discrete choice
model is extended with a decision rule that is different from a maximization approach.
The implementation of the approach starts with the creation of the relevant choice set. The
exact choice set depends on the type of agent. It is assumed that resident agents are not
willing to pay for parking at all. Their relevant set includes only on-street parking in the zone
for which they hold a parking permit (see below) and free off-street parking. Guest agents and
commuter agents are assumed to have some knowledge on the local parking situation.
Therefore, their relevant set includes the on-street parking options, the for-free off-street
parking facilities and two random for-pay off-street facilities within walking distance of the
final destination 800 meter). It is assumed that visitor agents are the least knowledgeable of
the local parking situation and therefore know about the on-street parking locations and two
random off-street parking facilities (for-free and for-pay) within walking distance.
The next paragraphs describe the steps each agent follows when selecting a parking place.
When an agent is initialized it will receive a list of possible parking locations given the final
destination for that agent. This list contains the relevant on-street and off-street parking
options within one kilometer of the destination. For each on-street parking option with a
distinct parking regime (see below) the best parking place (in terms of distance to the
destination) is selected and acts as a reference point, provided a parking place is available
within one kilometer from the destination. This reference point is used to navigate the car to
the right location.
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For every element in the set of parking options the relative utility is calculated based on the
price and the distance to the final destination, in relation to the activity duration. For all agent
types the distance to the destination is multiplied by two, to account for the fact that agents
have to walk this path twice. Additionally, the activity duration is taken into account for cost
and distance.
The distance is divided by the activity duration in hours to address that agents are willing to
walk further the longer the activity duration, to calculate the distance value (v(d)).
(6.4)
The cost value (v(c)) is multiplied by the activity duration, where parking costs are expressed
in terms of a basic cost per unit duration (price per hour). The cost value consequently reflects
the overall parking cost.
(6.5)
Subsequently, the calculated cost and distance values are standardized using feature scaling:

(6.6)
The cost and distance attribute values are normalized to generate a value per parking option
between 0 and 1. This value is defined to accommodate the calculation of the probability
according to the following exponential function:
(6.7)
where p is the probability of the normalized value x. Choice probabilities are used instead of
raw utility functions so they are easier to compare and are convenient to use for modeling
bounded-rational behavior of human agents (Benenson & Torrens, 2004). The overall
probability vector is created with pi for each available alternative i, given i=1 to i=j where j is
the total number of alternatives. The probability vector contains the choice probability of each
parking option, totaling to one. To account for bounded rationality in decision behavior of the
agents, a similar method as the random proportional rule (Dorigo, Di Caro, & Gambardella,
1999; Le, 2005) is used. According to this rule, the agents do not automatically choose the
alternative with the highest utility. The vector is compared to a random value, r, between 0
and 1, and the chosen parking option will be the first alternative that has a cumulative
probability that is greater than r. For example, when the probability vector is [0.7, 0.2, 0.1] for
three parking options, the first option is chosen for every value of r that is smaller than 0.7,
option two is chosen for a value of r between 0.7 and 0.9, and finally when r is greater than
0.9 option three is chosen.
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Consult parking alternatives

Decide on
alternatives: Is
it on-street?

Yes

On-street

Off-street

Distance to
destination
< 25 meter?

Yes
Don’t change
destination

Change destination
to parking

Figure 6.1: Parking location and routing decision
Based on the chosen alternative the agent calculates which route to take (see fig 6.1). By
default the model calculates the route for each agent to its final destination, but the destination
is changed for parking locations that are located some distance away from the final
destination. If an off-street parking facility is chosen, the route is automatically changed to the
location of the off-street parking facility. If the chosen alternative is an on-street parking
location, the route is only changed if the on-street parking location is farther than 25 meters
away from the final destination. Note that the on-street parking location at this moment is the
best on-street parking place associated with the chosen parking regime. The decision on
which actual on-street parking place to park the car is based on the same principle that was
used in the previous chapters (3 – 5) and was explained in detail in chapter 3.
6.2.3 Simulation Environment
A simulation environment has been generated (see Figure 6.2 and Table 6.2) that represents
the city center of Antwerp. The simulation environment represents the actual street network
and on-street parking places in the city center. Data on on-street parking places were obtained
from satellite imagery. Off-street parking facilities have been added consistent with the realworld off-street parking locations and pricing regimes as obtained from the City of Antwerp.
On-street parking
The city center of Antwerp contains two different on-street parking regimes. For the
pedestrian shopping district and the surrounding area there is a maximum parking limit of 3
hours, indicated by Zone A in Figure 6.1. The parking costs for this parking zone are € 2,70
per hour. To the south of this zone lies parking zone B, which has a maximum parking limit
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Table 6.2: Characteristics of study zone
Type

Number of elements

Buildings
Residential buildings

~ 8200
~ 5600

Commercial/public buildings

~ 2600

Streetlinks

~ 1100

On-street parking places

~ 9000

Public off-street parkings

22

Public off-street parking capacity

~ 9100

Statistical zones

22

of 10 hours and costs € 1,10 per hour. Most residents in the simulated area in Antwerp who
own a car have a parking permit for the zone in which they reside, which allows them to park
for free for an unlimited time at an on-street parking place.
Off-street parking
In contrast to chapter 3 – 5 the simulated area in this chapter also incorporates several offstreet parking facilities. The simulated area features three for-free parking lots, located in the
south-west part of the area. For these parking lots there is no maximum parking limit in terms
of time. In the simulated area also 19 for-pay parking facilities can be found. These parking
facilities are owned by different parking operators and the prices vary in a range from €2,00 to
€ 2,90 per hour.

Figure 6.2: Simulation area: old-city centre of Antwerp: Left (links & Buildings), Right
(Lots and parking zones)
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6.2.4 Parking information provision on on-street parking and off-street parking
facilities
The procedures and assumptions regarding information gathering and dissemination of onstreet parking places remain the same as in the preceding chapters. Thus, on-street parking
places are each assumed to be equipped with a sensor that is capable of sensing the occupancy
status of the parking place. The sensor is also assumed to be able to send and receive
messages about the vacancy to, and from, nearby cars. Furthermore, the sensor is assumed to
enable the parking place to be reserved by a specific agent. As mentioned in chapter 5, the
smart cars are assumed to be able to send out at most two pending requests to reserve a
parking place. However, at any given time, each car can have at most one reserved parking
location. By allowing cars to send out a reservation request, even when a successful
reservation has been made, it is possible for the car to improve the parking location by making
a different reservation. To restrict the number of messages that are sent over the network,
cancelation of reserved parking places is not implemented. The earlier reserved parking place
is automatically made available for regular cars and smart cars after a fixed amount of time
(see Table 6.3).
The addition of off-street parking facilities to the model implied that the conceptual model for
sharing information had to be changed. Off-street parking has characteristics that differ from
on-street parking, of which the most important one is the fact that parking facilities consist of
several parking places. Therefore, the messaging process is somewhat different for off-street
parking as compared to on-street parking. In the first stage a parking facility sends out a
message on vacancy when the amount of vacant parking places minus the reservations is
greater than zero. Message sharing and processing takes place in the same fashion as for onstreet messages. When a smart car is interested in parking at an off-street parking facility, it
will broadcast a reservation request for the selected parking lot. As soon as the request is
received by the parking facility, it will reserve a parking spot in the parking facility for the
involved car. Subsequently, it will send out a confirmation message to the smart car. Upon
reception of the confirmation message, the smart car then calculates which confirmed parking
option is considered the best for the current situation (given the current location of the car, the
parking location and the final destination). The difference with an on-street parking place is
that for on-street parking a parking place can only be reserved by one car. A parking facility
can, obviously, confirm multiple requests and make numerous reservations. By keeping track
of the number of vacant places minus the number of reservations, the parking facility is still
open for regular drivers who want to park their car.

6.3 Simulation setup and performance indicators
In the previous chapters, I have run various simulations, varying in initial occupancy rate and
penetration rate. For the Antwerp simulation area this approach is not viable. First, the initial
occupancy, the percentage of parking places that are occupied at the start of the simulation, is
based on real-world data, and is thus given for all simulation runs. Second, for technical
reasons the number of repeating simulation runs had to be limited. The penetration rate, i.e.
the ratio of cars that are equipped with communication capabilities, poses a technical
challenge for the simulation environment. The more cars are equipped with communication
capabilities, the higher the number of different messages that are shared among each other.
This process puts a heavy burden on the processing system.
The simulation runs for 24 hours (3 AM – 3 AM), but information gathering and
disseminating is only enabled for a restricted time period. The most interesting period within
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Table 6.3: Simulation parameters
Parameter

Value

Number of on-street parking places

9,483

Number of off-street public parking places for free

3,280

Number of paid for off-street public parking places

6,034

Number of departing/arriving vehicles

~17,000

Driving speed

12 km/h

Walking speed

3 km/h

Simulated time

24 hours

Communication range

200 meters

Communication interval

5 seconds

Initial preferred maximum walking distance

120 meters (‘as the crow flies’)

Maximum tolerable walking distance

800 meters

Request expiration time2

50 seconds

Reservation expiration time1

150 seconds

these 24 hours is the timeframe within 4 PM and 7 PM. These are the Saturday evening peak
hours, with the highest number of arrivals (and departures). A warm-up period is used to start
the gathering and dissemination of information beforehand. Thus, bottom-up information
provision is enabled at 3 PM, one hour before the actual monitoring is started. The increased
computation time for the Antwerp regions makes it impractical to carry out many simulation
runs for every simulation setting. Therefore, for every penetration rate the simulation is
repeated only two times.
Parking performance is assessed as in previous chapters at the individual level and at the
system level. The assessment of individual level performance is based on two indicators:
search time and walking distance. Both indicators are calculated for regular cars and smart
cars separately. At the system level, performance is measured by three indicators: total search
time, local search time and total walking distance. The total search time is the search time
calculated for all cars together, regardless of the type of car. The local search time is the
difference in search time between regular cars and smart cars based on the average search
time in the vicinity of the parking place. This value is defined for every single on-street
parking place by averaging the search time difference between smart cars and regular cars of
all parking places within a radius of 100 meters. This ultimately results in an average search
time value for each parking place. By presenting this value spatially on a map of the study
2

For a definition of these terms see Chapter 5, section 5.3.
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zone a ‘heatmap’ is created, which indicates the locations where the difference in search time
between regular and smart cars is large.

6.4 Results
In this section the results from the simulation runs are presented. In order to study the impact
of information provision on the system level, the results are compared to simulation runs
performed for the base situation. The base situation can be characterized as the current
situation in the city of Antwerp, i.e. no information provision on on-street parking and no
means for reserving a parking place. For the scenario with information provision and
reservation possibility the penetration rate is varied between 0.2 and 1.0, with increments of
0.2. This means that 20% to 100% of the vehicles in the simulation are so-called smart cars,
i.e. being able to send and receive messages on parking place vacancies and able to make
reservations.
The first subsection presents the results at the individual level. The second subsection presents
the results for the overall system. Finally, the third subsection presents summarized results for
a specific area in the city center of Antwerp.
6.4.1 Results for smart cars and regular cars
Against expectations, the simulation runs show (see Figure 6.3) that bottom-up information
provision to smart cars does not lead to a reduction in search time for smart cars for on-street
parking (n = 6132, totaled for all six penetration rates). This is in contrast with the results
from chapter 3 – 5. The main reason for the difference in results in comparison to the previous
chapters is the average on-street occupancy rate. The occupancy rate of the entire simulation
area is around 65%, which is well below the ‘threshold values’ of 85% or 90%, above which
cruising is likely to occur (see Chapter 1). Furthermore, due to the low occupancy rate regular
cars have a higher chance of parking their car before reaching the final destination in
comparison to smart cars, in turn leading to higher average search times for smart cars.
In contrast to search time, performance in terms of walking distance does improve for smart
cars, for all penetration rates (Figure 6.3). The walking distance is reduced by about 50%,
irrespective of the penetration rate. Walking distance for regular cars is not significantly
affected by the introduction of smart cars, again irrespective of the penetration rate.
Results regarding search time and walking distance for (off-street) parking facilities show a
different picture (Figure 6.4). This figure shows the search time as defined throughout this
thesis for on-street parking, that is as the excess time needed to find a parking place in
comparison to the time needed to park in front of the final destination. While this way of
estimating search time has its problems for off-street parking, it does enable a comparison
between regular and smart cars. Regular cars only have knowledge about two to five off-street
parking locations (depending on the agent type) that are within walking distance of their final
destination, while smart cars (regardless of agent type) have knowledge about all parking
locations. Thus, the smart car is able to choose the best parking location in relation to the
current position of the car and the final destination, thereby limiting both travel time and
walking distance. The results show that smart cars are confronted with lower search times
than regular cars. However, due to the low number of observations (cars that park at the offstreet facilities) the difference is not significant (n = 286, totaled for all six penetration
rates).
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Figure 6.3: Search time (left) and walking distance (right) for regular cars and smart
cars, for on-street parking, for a 95% confidence interval at afternoon peak hours

Figure 6.4: Search time (left) and walking distance (right) for regular cars and
smart cars parked at a off-street parking facility, for a 95% confidence interval at
afternoon peak hours
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Studies on cruising for parking focused on parking facilities often use a different performance
indicator. This indicator is defined as the waiting time before the car can enter the facility
(e.g. (Van Ommeren et al., 2012)). The search time observations using this indicator results in
rather low search times for these parking facilities, due to the fact that the average occupancy
rate is relatively low. The three for-free parking lots located in the south-west corner of the
simulation environment have a combined capacity of over 3200 parking places. Considering
that in this area the on-street capacity is also substantial and in the monitored time interval
(16:00 – 19:00) the largest share of drivers are residents, the time needed to find a parking
place in one of these three lots is limited.
The results show that smart cars parking at an off-street parking facility do benefit in terms of
a reduced walking distance to the final destination. The variation in results is high, as
indicated by the error bars. This is due to the low number of agents that park in a parking lot
during the afternoon peak hours. The walking distance to the final destination is on average
higher than the walking distance to the final destination when parking on-street. Again, due to
the high variation it is not possible to draw conclusions on the development of walking
distance over the various penetration rates.
The final performance indicator is total parking time, which is calculated by combining the
search time and the time needed to walk from the car to the final destination and back. This
total parking time is a better representation of the overall performance of the bottom-up
reservation system, as it takes both elements, search time and walking distance, into account.
The results show that the smart cars outperform the regular cars under all circumstances (see
Figure 6.5). Regular cars are confronted with a slight negative effect on performance.
Variation in results for the regular cars is particularly high for increasing penetration rates,
indicating large differences in total search time within this group. The performance of smart

Figure 6.5: Total parking time for regular cars and smart cars for on-street parking with
95% confidence interval
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cars shows much less variation, irrespective of penetration rate.
6.4.2 Overall system results
By combining the results for the regular cars and the smart cars, the impact of parking
information on the overall system can be studied. For this purpose, overall search time and the
overall walking distance are monitored. The previous chapters showed that overall impact on
search time was non-existent, while the overall impact on walking distance was clearly
observable. For the study in Antwerp it is shown that search time increases for every increase
in penetration rate (Figure 6.6). This is not surprising as the search time for smart cars shows
a slight increase in comparison to regular cars. The main reason for the increase in search time
is due to the rather low average on-street occupancy rate. In contrast, the overall results
regarding walking distance show a drop for every increase in penetration rate. This implies
that a bottom-up information provision and reservation system results in a better overall
allocation of vehicles over vacant parking places. The positive result in walking distance for
the overall system is stronger in terms of time, than the negative impact on search time.
Therefore, the total parking time (search time combined with the time needed to walk to and
from the final destination) shows a positive trend for increasing penetration rates (Figure 6.7).

Figure 6.6: Search time (left) and walking distance (right) for the overall system, for a 95%
confidence interval at afternoon peak hours
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Figure 6.7: Total parking time for regular cars and smart cars for on-street parking with 95%
confidence interval

A

B

Visitors parking
location

Figure 6.8: Search time difference in seconds between regular cars and smart cars at
afternoon peak hours, penetration rate of 0.2
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6.4.3 Results for neighborhoods with high occupancy rates
While the average search time difference between regular cars and smart cars is limited when
the whole study area is considered, more distinct differences can be observed at a local scale.
Figure 6.8 shows the search time difference between the two car types for every single onstreet parking place. A positive difference means that smart cars have, on average, a shorter
search time than regular cars, while a negative difference points at the opposite. Zone A,
where parking is restricted to a maximum of 3 hours, has a relative high parking turnover.
This is beneficial for residents with a smart car that arrive here at the end of the day, as they
experience a considerably lower search time than regular cars (see red colored on-street
parking places in Figure 6.8). Furthermore, visitors with a smart car benefit as well. The final
destination for a visitor is generally located in Zone A. However, these agents generally prefer
to park in Zone B (as the time restriction is less strict and it is cheaper). Therefore, the area
highlighted in Figure 6.8, is a hotspot for cars that do not want, or are not eligible, to park in
zone A. Again, it is clearly visible by the dark red color that the smart cars have a benefit in
this area. However, the remaining part of zone B shows a benefit in search time for regular
cars. This is probably the result of the fact that regular cars exchange the certainty for a
parking place against walking distance: they tend to park at a parking place before reaching
their final destination resulting in zero search time in the model.
The reason for these differences can be found in the difference in occupancy rate. In the
previous chapters I showed that search time benefit for smart cars was only observable for
situations with a high occupancy rate, being 90% and higher. The search time results for the
simulation runs in Antwerp did not show improvement for smart cars in comparison to regular
cars. This does not come as a surprise when looking at the overall occupancy rate for the
whole simulation area. Therefore, in this subsection the results for the central area of the study
zone are described. This central area is located around the market square (‘Grote Markt’) in
the city center of Antwerp (see Figure 6.9) and is characterized by a high occupancy rate
(average of 98.6%) during the evening peak hours.

Figure 6.9: Central area with high occupancy rate
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Figure 6.10: Searchtime (left) and walking distance (right) for regular cars and smart cars in
specific neighborhoods, for a 95% confidence interval at afternoon peak hours
The figures above (Figure 6.10) represent search time and walking distance data for these
zones.
The results regarding search time show that the smart cars do benefit in this situation from
being better informed than regular cars (n = 1087, totaled for all six penetration rates). There
is a significant difference in search time for the smart cars and regular cars. When comparing
these results to the results of the entire simulation area, it is clear that regular cars are faced
with a substantially higher search time in this area in comparison to the entire study zone
(approx. 130% higher). The difference is much smaller for smart cars (approx. 95%).
However, when the penetration rate increases, the benefit for smart cars drops, due to the
increased competition between smart cars. Results regarding walking distance show a
significant difference in walking distance for the smart cars and regular cars. However, the
reduction in walking distance for smart cars is less pronounced as compared to the results for
the entire city-centre. This shows that in case that the number of vacant parking places is
limited, also smart cars have trouble (in terms of consequences for walking distance) finding a
good parking place within a reasonable amount of time. This finding is consistent with the
findings in Chapter 5, where benefits on walking distance for smart cars are limited for
situations with 100% occupancy rate.
Overall system results for the specified area are consistent in relation to Chapter 5. Search
time is hardly influenced in comparison to the base situation (see Figure 6.11). Although the
benefits in walking distance for smart cars are less pronounced in comparison to the results on
the entire simulation area, this still leads to an improvement in overall walking distance for
the overall system. The overall parking time, the time needed to drive to the parking place and
walking to and from the final the destination, is reduced significantly on a system level (see
Figure 6.12).
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Figure 6.11: Searchtime (left) and walking distance (right) for the overall system in
specific neighborhoods, for a 95% confidence interval at afternoon peak hours

Figure 6.12: Overall parking time for regular cars and smart cars for on-street parking with
95% confidence interval
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6.5 Conclusion
In this chapter the impact of information provision and reservation in a realistic, real-world
simulation environment was studied. In contrast to the highly stylized simulation environment
in the previous chapters, the current chapter featured the city-centre of Antwerp, Belgium.
Considering that it was shown in Chapter 4 that the impact of information provision is
increased under heterogeneous conditions, the same was to be expected for the city of
Antwerp. Contrary to expectations this did not proof to hold across the board. Smart cars did
not experience a significantly lower average search time than regular cars. In contrast,
walking distance did improve significantly for smart cars. This finding is consistent with the
findings in Chapter 5, which showed that even for an occupancy rate of 50% walking distance
is improved considerably for smart cars. Smart cars experience larger benefits in the central
area of the study area, which is characterized by an extremely high occupancy rate. In that
area, smart cars are better off than regular cars in terms of both search time and walking
distance. For all cars together, smart and regular cars, the benefits of the introduction of a
parking information and reservation system are limited to a reduction in walking distance. As
in the previous simulations in a more abstract environment, the small benefits for smart cars
in terms of search time come at a cost for regular cars.
These findings suggest that a bottom-up information and reservation system can generate
some benefits for the users of the system and the society at large. However, the findings
should be interpreted with care, for at least three reasons. First, the smart cars are optimized to
select the parking place that requires the driver the lowest possible time to reach the final
destination, taking into account driving and walking distance. As a consequence, smart cars
are more likely to benefit in terms of walking distance than in terms of the time they need to
search for a parking place. If the decision mechanism is changed to stronger value search time
than walking distance, the results will change more in favor of a shorter search time (and
longer walking distance). It is expected, however, that it would not fundamentally change the
overall benefits of a bottom-up information and reservation system.
A second remark concerns the PARKAGENT simulation model. This model makes no
distinction between drivers that are making a regular shopping trip and drivers on a nonregular shopping trip. Van der Waerden (2012) shows that there is a significant difference in
the preferences regarding parking options, i.e. willingness to pay, maximum parking duration
and distance to the final destination. This could potentially result in different outcomes for
these two different agent groups. On the other hand, due to the stochastic choice behavior and
considering the fact that the agents take into account the activity duration when choosing a
parking location, the parking choices might vary greatly within each of the two groups of
agents.
Finally, bottom-up information provision is only enabled for a limited time period during the
simulation runs, due to software restrictions. This allowed for the systematic analysis of
information provision for the same levels of penetration rate as in the previous chapters.
However, it meant that the spatial distribution of cars over the study zone came about without
the existence of a parking information and reservation system. The use of an information
system over an entire 24 hour period could well result in a different spatial parking occupancy
pattern. At the same time, it is expected that the differences would be limited, given the strong
spatial concentration of demand for parking in the city center of Antwerp.
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Chapter 7
Conclusions and discussion
7.1 Introduction
Many studies have shown that a substantial part of urban traffic is looking for a parking place
(Belloche, 2015; Gantelet & Fauconnier, 2006; Shoup, 2006). The observed substantial
cruising time for parking in inner city areas has been qualified as a serious problem by city
managers, visiting car drivers and local public authorities for several reasons. Cars cruising
for parking contribute considerably to the emission of CO2 and unnecessary waste of fuel.
Furthermore, due to the low speed at which cruising cars generally drive, congestion is
increased as well. Finally, cruising cars also lead to a less safe and less pleasant environment
for pedestrians, cyclists, residents and visitors. Hence, there are significant societal reasons to
study the possibilities to reduce this problem. The general goal of this thesis was to study the
impact of bottom-up information provision on urban parking dynamics using computer
simulations. The dissemination and use of information on individual parking places (location,
occupancy, and price) could theoretically decrease cruising for parking, either by decreasing
the number of cars cruising for parking, or decreasing the average cruising time. Furthermore,
informed drivers can potentially benefit in terms of reduced walking distance to the
destination.
Detailed information provision to cars on on-street parking was non-existent till very recently,
due to the technological inability to gather and provide this kind of information in real-time.
Fortunately, this has changed due to new communication technologies, including mobile
telephone networks and, more recently, the introduction of connected vehicles, i.e. vehicle-tovehicle communication. The development of providing on-street parking information can be
improved even further by the introduction of parking sensors, which are small static sensors
that can be installed in every single on-street parking place. The sensor is able to monitor and
distribute the occupancy status of the parking place, amongst others.
Unfortunately, while it is generally assumed that sensors and parking information can reduce
cruising for parking, there is little (scientific) evidence that providing such information to cars
can actually reduce the time drivers are looking for a parking place. This study aimed to gain
more understanding of the impact of implementing these new technologies on parking
dynamics. The potential benefits of providing local parking information has been studied for
the individual driver as well as the overall system − the collective of drivers searching for
parking.
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This chapter is structured as follows. In section 7.2 the setup of the various experiments is
summarized. Section 7.3 then summarizes the main conclusions. In section 7.4 the policy
implications are addressed, followed by the research reflections in section 7.5.

7.2 Experiments
For this study an existing agent-based parking model called PARKAGENT, was customized to
enable information exchange between the agents. The agents, i.e. vehicles, are split into two
main groups: smart cars and regular cars. The smart cars are able to send information when
leaving, or occupying, an on-street parking place. Furthermore, the smart cars are able to send
to, and receive messages from, each other. In this way a small local network of vehicles is
established that exchange information on occupancy status of nearby parking places. This
type of information gathering and sharing is called V2V, vehicle-to-vehicle communication.
Additionally, the PARKAGENT simulation environment was adapted to allow for gathering of
information through sensors. These wireless sensors are able to monitor the status of a single
on-street parking place and transmit this information to nearby vehicles. This type of
communication is called S2V, sensor-to-vehicle communication.
In this thesis the main research question was studied by performing various simulation
experiments. The results of these experiments are summarized below (see Table 7.1 for an
overview).
In Chapter 3 the simulation environment is that of a Manhattan-grid and both communication
strategies (V2V and S2V) are used. For Chapter 4, the grid environment is adapted to account
for spatial heterogeneity in the demand for parking. Furthermore, agent preference regarding
walking distance to the final destination is varied. Again, both communication strategies are
used. In Chapter 5, only the S2V communication strategy is used, since in Chapter 3 and 4 is
shown that S2V outperforms V2V in every aspect. However, this time a reservation system is
implemented, such that smart cars are able to reserve an on-street parking place. In line with
Chapters 3 and 4, a grid-environment is used to study the impact of the introduced reservation
system. Finally, in Chapter 6 bottom-up information provision is studied in a realistic
environment using realistic (and thus spatially heterogeneous) supply and demand. In contrast
to the previous chapters, the simulation environment features, next to on-street parking, offstreet parking and it introduces parking costs.
For every experiment the performance is measured for the individual driver as well as the
overall system. The three main performance measures that are used are: search time, walking
distance and total parking time. Search time is defined as the excess time that is needed to
find a parking place in comparison to the time needed to reach the most optimal parking place
in relation to the final destination. Walking distance is defined as the (aerial) distance between
the final destination and the parking location. Finally, the total parking time is the overall time
needed to reach the final destination, which is composed of the search time and the time
needed to walk back and forth between the parking location and the final destination.
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Table 7.1: Overview on experimental setup per chapter
Chapter 3

Chapter 4

Chapter 5

Chapter 6

Environment

Stylized grid

Stylized grid

Stylized grid

Realistic

V2V

√

√

S2V

√

√

√

√

Agents

Homogeneous

Heterogeneous

Homogeneous

Heterogeneous

Parking
demand

Homogeneous

Heterogeneous

Heterogeneous

Heterogeneous

Off-street
parking

√

Parking price

√

7.3 Conclusions
The goal of this thesis was to study the impact of information provision in the field of parking
on individual parking behavior as well as the performance of the overall parking system in an
urban area. Several studies have shown that information provision for off-street parking
locations can indeed lead to a reduction in travel time, in the number of cars failing to find a
free parking place, and in congestion (e.g. (Shin & Jun, 2014; Tsai & Chu, 2012)). Perhaps
against expectations, this thesis shows that the same does not necessarily hold for on-street
parking.
In this thesis, the potential benefits of information provision have been studied for the
individual driver as well as the overall system − the collective of drivers searching for
parking. The latter is an important component as was shown in another field within the
transportation domain, i.e. route choice. Different studies (e.g. (Hall, 1996; Jahn, Möhring,
Schulz, & Stier-Moses, 2005; Wahle & Bazzan, 2000)) on route choice show that system
performance can deteriorate when the fraction of drivers that receive and act upon received
information is relatively high. In contrast, when information is only available to a fraction of
drivers, this can result in better performance at the system level. Thus, both the individual
(informed) driver as well as the overall system can benefit in terms of performance. The
experiments in this thesis were performed in part in order to find out whether the same effects
apply to the field of parking.
Below, the main conclusions from each chapter will be presented first. Next, the main
conclusions for the research question of this thesis will be drawn.
7.3.1 Bottom-up Information provision under homogeneous conditions
In Chapter 3, the impact of information provision was studied under the conditions of a
homogeneous, Manhattan-style grid, environment with homogeneous driver agents. It was
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shown that, contrary to expectations, search time is barely decreased and sometimes even
increased when drivers are provided with information. Only for a 100% occupancy rate a
clear performance increase in terms of search time was observed, when using a sensor
strategy. For this occupancy rate, however, the performance increase was reduced for every
further increase in the share of smart cars among total cars. The analyses indicated that the
main benefit for the overall system lies in a reduction in average walking distance between
parking place and final destination. For the S2V strategy this holds regardless of the
occupancy rate and the share of smart cars disseminating and receiving information. For the
V2V strategy, no overall system benefits were observed. In this case, the benefits of smart
cars do in terms of walking distance and reduction in total parking time come at a cost for
regular cars. These regular cars see a substantial increase in search time, especially at
occupancy rates of 100%.
7.3.2 Bottom-up Information provision under heterogeneous conditions
To increase the level of realism, in Chapter 4 elements of heterogeneity were introduced to
the simulation. First, heterogeneity in demand is introduced. Instead of a uniform spatial
distribution of demand, as in the previous simulations, in this case demand for parking was
increased in the central area of a Manhattan-style grid of streets. Second, heterogeneity in
agent preferences was introduced with regard to walking distance to the final destination.
These two elements of heterogeneity were studied via three scenarios: a scenario with only
heterogeneous agents, a scenario with only heterogeneous demand, and a combination of both
types of heterogeneity. For all three heterogeneous scenarios, the S2V communication
strategy leads to a decrease in search time for smart cars in comparison to a homogeneous
environment with homogeneous agents, for almost all simulation settings. Furthermore, the
average search time for smart cars is decreased in comparison to regular cars, in particular for
the spatially heterogeneous scenario. The positive impacts for especially this scenario are the
result of increased competition between drivers over parking places in a spatially
heterogeneous situation, which gives informed drivers an advantage over regular drivers.
Interestingly, improvements in walking distance are less pronounced than in search time in
comparison to homogeneous simulation settings.
In contrast to the positive impacts of the S2V communication strategy, the V2V strategy does
not deliver benefits in search time for smart cars. Only a positive impact is found for smart
cars in a reduction in walking distance. The performance in walking distance for regular cars
is hardly hampered by the introduction of smart cars. Thus, while the overall system benefits
in terms of search time are negligible, the overall system performance for walking distance
does improve.
7.3.3 On-street parking place reservation via bottom-up information provision
Chapter 3 and 4 have shown that information provision can sometimes benefit individual
drivers. However, in these experiments, all smart cars in the same area receive the same
information. This may lead to competition between smart cars, and subsequently, to a
negative impact on search time when two or more cars head for the same parking place. To
overcome this issue, in Chapter 5 a reservation system is introduced that allows smart cars to
exclusively reserve a parking place close to their destination. The results of the simulations
show that users of a reservation system benefit in terms of reduced search time and reduced
walking distance under all simulated circumstances. This is in contrast to Chapters 3 and 4
(without a reservation possibility), in which the main positive impacts were mainly found in
(1) a reduction of search time at an occupancy rate of 100%; and (2) an overall reduction in
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the distance between the parking space and the final destination. Furthermore, Chapter 5
shows that smart cars have a substantially higher chance of finding a vacant parking spot
within 10 minutes than regular cars. At the system level, the reservation system generates less
benefits. Search time is hardly reduced at the system level, irrespective of the occupancy rate.
In contrast, for 90% and 95% occupancy rates the overall walking distance is reduced
significantly. This indicates that a reservation system leads to a spatially more optimal use of
vacant parking spaces than in a situation without reservation.
7.3.4 Bottom-up information provision and parking place reservation in the city of
Antwerp
In Chapter 6 a real-world setting was used to study the impacts of information provision. For
this purpose, the city-centre of Antwerp, Belgium, was used as the simulation environment.
The change from a Manhattan-style grid simulation environment to a real-world setting
increases the level of realism of the simulation in multiple ways. First, a realistic road network
is used that includes one-way and two-way roads. Second, the simulation environment
incorporates on-street parking as well as off-street parking. Third, we introduced parking
zones with different cost and parking time restrictions, and cost differences between on-street
and off-street parking locations and between off-street parking facilities. Finally, we
introduced a realistic pattern of heterogeneous parking supply and demand. Overall, results
for this realistic simulation environment are not fundamentally different from the ones
observed in the stylized environments. Search time is not reduced significantly for smart cars
in comparison to regular cars if the entire simulation area is taken into account, but smart cars
do see a significant decrease in search time in areas with high occupancy rates. Considering
the average on-street occupancy rate (~65%) for the entire simulation area, these findings are
consistent with the findings in Chapter 5. Search time benefit is hardly observable for
occupancy rates below 90%, while above this threshold smart cars definitely benefit in
comparison to regular cars. In contrast to search time, the average walking distance is
improved significantly for smart cars, for both the entire simulation area as well as areas with
high occupancy rates. The results for the overall system regarding on-street parking show a
similar picture as in chapters 3-5, in that search time is not improved on a system level.
Moreover, the overall search time is even increased slightly. However, the overall results
regarding walking distance show a substantial benefit in terms of a shorter walking distance.
When all cars are equipped with communication technology the average walking distance is
decreased more than 30%. Combining these two elements leads to a reduction of overall
parking time under all penetration rates. If all cars are equipped with information technology
(i.e., a penetration of 100%), overall parking time is even reduced by about 35%.
7.3.5 General conclusions
The experiments in chapters 3 to 6 show that information provision to drivers can lead to
benefits in terms of search time and walking distance for those informed drivers, i.e. persons
driving a smart car, using a sensor-to-vehicle communication strategy. Smart cars experience
reduced cruising time in comparison to regular cars. However, this only holds for situations
with high demand for parking. Performance regarding walking distance is improved for all
studied occupancy rates. The introduction of a reservation mechanism, which prevents that
multiple smart cars head for the same parking place, positively influences performance
regarding search time. In contrast to these positive findings for smart cars, performance on the
system level is hardly improved. The search time reduction for smart cars is inversely
proportional to a search time increase for regular cars. Hence, system benefits in terms of
search time are absent. Contrary to search time, the improvement in walking distance for
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smart cars does not influence performance for regular cars. Hence, system performance
regarding walking distance is improved by introducing information provision to drivers. Table
7.2 gives an overview of all the relative results of introducing information for the various
scenarios in comparison to the base situation, i.e. the same scenario without information
provision.
Table 7.2: Overview on benefits per simulation scenario in comparison the base situation (no
information)

Scenario
Homogeneous demand + agent
preferences
Search time
Walking distance

Vehicle-to-Vehicle
Regular
Smart car car
System

Sensor-to-Vehicle
Regular
Smart car car
System

-/+
+

-/+

-/+
+

+
++

-/+

-/+
+

-/+
++

-/+
-/+

-/+
+

++
++

--/+

-/+
++

-/+
+

-/+
-/+

-/+
+

+
++

-/+

-/+
++

-/+
++

-/+
-/+

-/+
+

++
++

--/+

-/+
++

NA
NA

NA
NA

NA
NA

++
++

--

-/+
+

Search time
Walking distance

NA
NA

NA
NA

NA
NA

++

-/+

++

High occupancy areas in city-centre of
Antwerp + Heterogeneous agent
preferences
Search time
Walking distance

NA
NA

NA
NA

NA
NA

+
+

-/+

-/+
+

Heterogeneous demand
Search time
Walking distance
Heterogeneous agent preferences
Search time
Walking distance
Heterogeneous demand + agent
preferences
Search time
Walking distance
Reservation system + Heterogeneous
demand
Search time
Walking distance
Entire city-centre of Antwerp +
Heterogeneous agent preferences
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The results of chapters 3 to 6 show that impacts of parking information are in many ways
comparable to the impacts of route guidance through information provision. The extensive
body of research on this latter topic (e.g. Bazzan et al., 2013; Ben-Akiva, 1991; Ben-Elia,
Erev, & Shiftan, 2007; Chang & Chen, 2005; H Dia, 2002; Hussein Dia & Panwai, 2007;
Emmerink, 1996; Klügl & Bazzan, 2004; Levinson, 2003; Mahmassani & Jayakrishnan,
1991; Qian & Zhang, 2013; Wahle, Bazzan, Klügl, & Schreckenberg, 2002) has analyzed the
impacts of information provision on individual drivers and the collective of drivers. These
studies show that dynamic route guidance does deliver individual user benefits under highly
saturated road conditions, while for lower saturation levels route guidance does not yield an
improvement in travel time for the individual driver or the overall system. The same principle
applies to parking information provision: parking information only benefits the individual
user in terms of travel time (search time) under highly saturated conditions, i.e. when a high
on-street parking occupancy rate is observed, and delivers hardly any benefits to the
individual driver or the overall system in the case of low occupancy levels. However, there
are also differences between the impacts of information provision regarding parking and route
choice guidance. In contrast to route information, in the parking domain there are no
improvements on the system level when a limited number of cars are equipped with
communication technology. And where providing a limited number of drivers with route
information may deliver overall benefits, providing parking information to a limited number
of drivers only leads to gains for smart cars, while regular cars often are confronted with
increased search times. Regarding walking distance, the analogy with route choice also does
not hold. Although smart cars benefit in terms of a shorter walking distance, regular cars do
not see a reduction in walking distance after the introduction of an information provision
system to other cars. Thus, although system performance is indeed improved regarding
walking distance, this is only attributable to the smart cars. This contrasts with route choice
scenarios, in which case the performance benefits are noticeable for both informed cars and
regular cars. Looking at the limited effect of traffic information on route choice for recurring
heavy saturated conditions (Levinson, 2003), a difference can be observed with the parking
domain. Recurring saturated conditions on highways indicate that there are no alternatives or
that the alternatives are also saturated. Therefore, it is de facto impossible that information
provision in such situations improves performance. In contrast, for any high occupancy
condition, recurring or non-recurring, in the field of parking, a smart car has an advantage
over a regular car. This is mainly due to the fact that a smart car does not need to cruise
randomly in search for parking, in contrast to a regular car.

7.4 Policy implications
Recently, governments have started to explore the possibilities of using on-street parking
sensors to reduce cruising for parking. However, this thesis shows that the overall benefits to
society are relatively limited, especially because the effects on total search time – and related
noise and air pollution – are negligible. Even more, the benefits of the (early) adopters of the
system often come at a cost to drivers who have no access to a reservation system. In light of
these findings, governments are advised to more critically scrutinize the possible societal
benefits of on-street parking (reservation) information systems and possibly even to
reconsider investments in such reservation systems and related sensor technology.
At the same time, parking information and parking reservation systems may be attractive from
a commercial perspective. This is so, because these systems bring benefits to the early
adopters of such a system. While these benefits dwindle over time when more and more cars
are equipped with an information or reservation system, each individual driver will still
experience benefits from joining the system, especially in terms of walking distance to the
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final destination. Information and reservation systems could also be commercially viable if
the investment costs could be reduced through installation of parking sensors in only a portion
of the available on-street parking spaces. By using predictive algorithms it may be possible to
extrapolate occupancy information of a limited number of sensors to a larger area, e.g. a street
or a city-block.
Clearly an important issue for any reservation system is the enforcement of reservations. In
our simulations other cars were not allowed to park at an already reserved parking space and
an indicator light signaling the status of every on-street parking space was implicitly assumed.
Even if this solution would be viable in practice, it is by no means guaranteed that all drivers
will comply with the system. A reservation system may thus bring substantial additional costs
in terms of (expedient) parking enforcement, which add to the costs related to parking sensors
and related reservation technology. At the same time, sensors possibly reduce enforcement
costs due to the fact that it is possible to direct parking enforcement in a more efficient and
direct way to offenders, irrespective of the use of a reservation system (Levy, 2014).
Additional to parking enforcement, municipalities should reconsider on-street parking policies
for areas with high occupancy rates. As indicated in Chapter 1, there are three main
approaches to reduce cruising for parking: (1) increase parking supply; (2) increase pricing of
parking; and (3) improve parking information. This study does not provide convincing
evidence that information provision does improve system performance considerably. Hence,
municipalities looking to reduce parking search time, CO2 emission, fuel consumption and
congestion should perhaps look at the other two approaches. For this thesis the main focus
was the effect of information provision for on-street parking (Chapters 3 – 5). However,
taking into account the observed difference in average cruising time between on-street
parking places and off-street parking locations in the simulations in Chapter 6, promoting the
use of off-street parking among car drivers seems a feasible approach. This can be achieved
either by increasing on-street parking costs in relation to off-street parking costs, by limiting
on-street parking supply (assuming there are enough alternative parking locations) or by parkand-ride facilities. Obviously, when less people park their car on-street the occupancy rate
will decrease, which limits the effects of information provision even more. Though, when the
on-street occupancy rate is reduced considerably, a counter-effect most likely occurs creating
an extra influx of drivers looking for on-street parking.

7.5 Reflections
7.5.1 Simulation tool
The methodology used to study the impact of information provision on parking constitutes a
crucial element of this thesis. Agent-based models are especially meaningful when studying
on-street parking, as the disaggregate scale of the simulation is very suitable to capture the
emergent phenomena that arise. An important aspect with agent-based models in general, and
PARKAGENT in particular, is the formalization of the agent behavior. For this thesis the
behavior of the agents is initially based on rational choice theory. Clearly, this is a gross
simplification of actual driver behavior and the implementation of agent behavior based on
theories that address the shortcomings of rational choice theory could possibly influence the
results of the simulation experiments presented in this thesis. However, it is not likely that the
findings will dramatically change, as cars will still be competing for limited parking space and
information provision to one group of drivers will not push the system towards a more
optimal state, irrespective of the exact behavior of drivers.
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An important feature of the chosen simulation environment is the absence of realistic through
traffic. The PARKAGENT simulation is built to simulate cars looking for a parking place. Since
not all cars in a city are looking for parking, this means that the simulation cannot monitor
congestion effects that are caused by the dynamic interplay between cars searching for
parking and other traffic. Nor is the tool suitable to monitor the impact of information
provision on local congestion. This implies that the application of PARKAGENT to the study of
impacts of parking information cannot capture the full benefits of information provision as
they accrue to cars searching for parking and other cars (as well as other users of the urban
environment). At the same time, given the limited impact of parking information and
reservation on total search time, it may be expected that the impacts on total traffic in the city
will also be negligible.
7.5.2 Design of information system
For this thesis a distributed approach was used to gather and disseminate information. Such an
approach is more easily implementable in the real-world than a centralized approach, since it
does not need a large upfront investment in infrastructure. However, it could be possible that a
centralized approach would yield other outcomes. A centralized approach is not dependent on
the number of cars that are equipped with communication technology. As such the system
would work even for only one smart car, while performance of a distributed approach is
dependent on a minimal number of participating cars. Furthermore, a centralized approach
makes it easier to allow for a more sophisticated smart car assignment method, since the
assignment method can be optimized to improve performance of the system towards a
common goal. The model used in the simulations features a reservation system in which the
smart car automatically chooses the best parking place in relation to the final destination of
the driver. Hence, the parking choice is made by, and in the best interest of, the individual.
With a centralized system, it would be possible to offer informed drivers a reserved parking
place that actually promotes a system-wide goal while still giving some benefits to the
individual driver. For instance, the assignment decision could be based on the shortest travel
time to the location, thereby limiting the overall cruising time of drivers looking for a parking
place and the related negative externalities. In such an approach drivers would benefit in
terms of travel time and reduced uncertainty about parking availability, but they would
probably be worse off in terms of average walking distances in comparison to a decentralized
reservation system. Additional research to explore the possible benefits of such a centralized
parking information system is certainly warranted.
Note that the aim of this thesis was not to optimize an information provision system for onstreet parking spaces. This implies that the benefits reported here may still be improved to
some extent, by optimizing the strategy for parking reservation, for instance based on
estimates of future parking demand. By estimating future demand it is possible to shorten the
time that a parking place is actually reserved, thereby limiting the inherent parking capacity
reduction that is caused by a reservation system. It is, however, highly unlikely that such
optimizations will lead to fundamentally different conclusions about the benefits of a
reservation system, given the pattern of results of the various simulation runs and the already
minimal time a parking space is reserved but not actually occupied.
7.5.3 Performance measurements
The main performance indicators that are used throughout this thesis are search time (cruising
time) and walking distance. These ‘objective’ indicators were proven useful to show the value
of information provision to drivers. However, more ‘soft’ indicators such as the psychological
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impact of information provision to drivers were not taken into account. Drivers could
potentially value the reduction in uncertainty that is an inherent part of finding an on-street
parking place. A recent study by the KiM, Netherlands Institute for Transport Policy Analysis
(Schaap, Jorritsma, Berveling, & Bakker, 2015), showed that a large share of drivers feel
more confident and secure when using a navigation system. Possibly, the same effect applies
to drivers when providing them with in-car parking information.
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Summary
Information plays an increasingly important role in transportation, for instance in optimizing
traffic management and routing. Research on information provision in the field of parking
mainly addresses static information provision regarding off-street parking. Recent advances in
wireless communication technologies enable real-time bottom-up information provision on
on-street parking places to drivers. However, very few studies have so far studied the possible
implications of these forms of bottom-up information provision. This study start filling that
void through a series of in-depth experiments.
The goal of this thesis is to study the effect of bottom-up, vehicle-to-vehicle and sensor-tovehicle, information provision in urban parking. The often observed substantial cruising time
for parking in inner city areas has been qualified as a serious problem by residents, visitors,
car drivers and local public authorities alike, for several reasons. Cars cruising for parking
contribute considerably to CO2 emission and unnecessary waste of fuel. Cars cruising for
parking also have a detrimental impact on traffic safety and make urban spaces less attractive
for other users. Furthermore, due to the low speed at which cruising cars generally drive,
congestion is increased as well. Hence, significant societal reasons justify researching the
possibilities to reduce this problem. The dissemination and use of information on individual
on-street parking places could theoretically decrease cruising for parking, by decreasing the
number of cars cruising for parking, decreasing the average cruising time per car, or both.
Furthermore, drivers can potentially benefit as they may find a better parking place in terms
of walking distance to the final destination.
To study the impact of information provision to drivers a computer simulation approach is
used. The model used for this thesis is based on PARKAGENT, an agent-based spatially explicit
simulation model suited for application in the parking domain. The model enables the
simulation of different types of driver agents. For the purposes of the thesis, the original
PARKAGENT model has been extended to enable agents to gather, disseminate and process
information on parking availability. A distinction is made between two types of agents:
regular cars, that are not able to gather, disseminate and process information; and smart cars,
which automatically gather and disseminate information on vacant parking places and are able
to process such information when looking for a vacant parking place close to the final
destination. For every experiment using a grid environment, the simulation runs vary in terms
of the (initial) occupancy rate of on-street parking places (90%, 95% and 100%) and the
penetration rate of the bottom-up communication technology (from no up to complete uptake
of the technology in discretionary steps: 0.0, 0.2, 0.4, 0.6, 0.8, and 1.0).
The analysis of the impacts of parking information on parking commences with a study in a
highly stylized grid environment in Chapter 3. A vehicle-to-vehicle (V2V) communication
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strategy is compared to a sensor-to-vehicle (S2V) communication strategy. Contrary to
expectations, the results of the simulation study show that search time for smart cars is barely
decreased (as compared to the search time for regular cars) and sometimes even increased.
This applies to both communications strategies, especially at occupancy rates of 90% and
95%. In case of a 100% occupancy rate, there is no observable performance increase when
using the V2V strategy. However, a clear performance increase in terms of search time is
observed when using a sensor strategy. For this occupancy rate and strategy, however, the
performance decreases for every further increase in penetration rate of the technology. The
analyses indicate that the main benefit for the overall system lies in a reduction in average
walking distance between parking place and final destination. For the V2V communication
strategy this is solely the case under extreme conditions (100% initial occupancy rate). For the
S2V strategy it holds regardless of the occupancy rate and the penetration rate.
Chapter 4 builds on the previous chapter in terms of the applied communication strategies
(V2V and S2V) and the stylized grid environment. However, in this chapter the question is
whether the counter-intuitive results of the previous chapter also hold under less stylized
conditions. Therefore, in this chapter the effectiveness of bottom-up information provision on
on-street parking places is studied under heterogeneous conditions in terms of driver behavior
and in terms of uneven distribution of parking demand across space. These heterogeneous
conditions are translated into three distinct scenarios: a scenario with only heterogeneity in
driver behavior, a scenario with only heterogeneity in the spatial distribution of parking
demand, and a scenario with heterogeneity in both dimensions. The results of this study show
that in most simulation runs of the V2V communication strategy search time is neither
reduced at the individual nor at the system level. However, for the S2V communication
strategy the contrary holds. In the latter case, search time for smart cars is reduced in
comparison to regular cars and is also more pronounced in comparison to the results in a
homogeneous setting. This holds for all three heterogeneous scenarios, but is most notable for
the spatially heterogeneous scenario. These improvements in search time show that it is
important to take heterogeneity into account when studying the impact of bottom-up
information provision in the field of parking. Results regarding walking distance show no
noteworthy additional performance increase on top of the already substantial performance
difference between smart cars and regular cars that were observed for a homogeneous
scenario. Similar to the results in Chapter 3 it is shown that system results regarding search
time are not improved, irrespective of the simulated scenario. Like in that chapter, search time
improvements for smart cars come at an equal increase in search time for regular cars. The
results regarding walking distance show that, on the system level, an overall reduction in
walking distance is observable regardless of the simulated scenario.
In Chapter 5 the study of information provision continues by analyzing the impact of parking
reservation. This allows car drivers to reserve an on-street parking space before reaching their
destination. It is expected that a reservation system, if adequately enforced, should result in a
decrease in the time needed to find a suitable parking space. Additionally, it prevents
competition between two or more smart car drivers heading for the same vacant parking
place. The simulation runs for this study are only performed using the S2V communication
strategy, since the previous two chapters have shown that the V2V communication strategy
does not yield much improvements. The results of the simulations show substantial benefits
for smart cars when using a reservation system. Individual users benefit occur in terms of both
reduced search time and reduced walking distance under all simulated circumstances. This is
in contrast to the results in the previous chapters, without a reservation possibility, in which
reductions in search time only occurred under a limited set of circumstances. Additionally, the
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results for the reservation case show that the chance of finding a vacant parking place within
10 minutes after starting the search for parking is substantially higher for smart cars. Like in
the other simulations, benefit in terms of search time and walking distance drop with an
increase in the share of drivers that can make use of the reservation system, most notably for
an occupancy rate of 100%. This is the result of the increase in competition between smart
drivers as the penetration rate of the technology goes up. While a reservation system thus
generates substantial benefits for individual smart cars, it delivers much less benefits at the
overall, system, level. Overall search time is hardly reduced at all, irrespective of the
occupancy rate, because the gains for smart cars translate into travel time losses for regular
cars. In contrast, the overall walking distance is reduced significantly, at least for 90% and
95% occupancy rates. This indicates that a reservation system leads to a spatially more
optimal use of vacant parking spaces in comparison to a situation without a reservation
system. For a 100% occupancy rate, hardly any reduction in walking distance is observed,
irrespective of penetration rate.
Chapters 3 to 5 have shown that bottom-up information gathering and dissemination in an
urban environment can have benefits for car drivers adopting the technology, albeit under
certain conditions. Bottom-up information provision provides little benefits in terms of
reduced search time, unless such a system is combined with a reservation mechanism. In the
latter case, substantial benefits are generated in terms of both walking distance and cruising
time for smart cars, but the reduction in overall cruising time is still negligible on the system
level. Throughout the chapters, the level of real-world realism of the simulations has been
gradually increased. Finally, in Chapter 6 the level of realism is increased further by leaving
the highly stylized grid environment for a simulation environment portraying the old citycenter of Antwerp, Belgium. This environment consist of a realistic road network, on-street as
well as off-street parking places, the introduction of parking costs and spatially heterogeneous
parking supply and demand. Parking performance is analyzed for the case in which all onstreet parking places and off-street parking facilities in Antwerp are able to disseminate the
current occupancy status and smart cars are able to reserve a parking place. The results are
subsequently compared with the current situation in Antwerp, in which no information or
reservation system exists for on-street parking places. Considering the positive impact of
information provision under heterogeneous conditions, as was found in Chapter 4, the same
was to be expected for the city of Antwerp. Contrary to expectations this does not hold across
the board. Due to the low average occupancy rate in the simulation area, smart cars did not
experience a significantly lower average search time than regular cars. However, walking
distance did improve significantly for smart cars, in line with the findings in Chapter 5. In that
chapter it was shown that even for an occupancy rate of 50% walking distance is improved
considerably for smart cars. When focusing on only the heart of the city center, an area which
is characterized by (extremely) high occupancy rates, smart cars do experience larger benefits.
In this part of the city center, smart cars are better off than regular cars, in terms of search
time and walking distance. However, at the system level the benefits of the introduction of a
parking information and reservation system are limited to a reduction in walking distance,
which is in line with the results of the previous chapters.
The results and conclusions from Chapters 3 to 6 show that bottom-up information provision
to drivers can lead to benefits in terms of search time and walking distance for informed
drivers. Drivers of a smart car experience reduced cruising time in comparison to regular cars
when using a sensor-to-vehicle communication strategy. However, this only holds for
situations with a high demand for parking. Walking distance performance is improved for all
studied occupancy rates. The introduction of a reservation system has additional benefits in
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terms of a reduction in search time for smart cars. Contrary to results on the individual level,
performance at the system level is hardly improved. Search time reduction for smart cars is
inversely proportional to a search time increase for regular cars. Hence, on a system scale
overall benefits in terms of search time are (largely) absent. In contrast, the improvement in
walking distance for smart cars does not influence performance for regular cars. Thus,
walking distance performance on a system level is improved by introducing bottom-up
information provision (and reservation) to drivers.
In an effort to reduce cruising for parking in their cities, a number of local authorities have
started to explore in recent years the possibilities of using on-street parking sensors to provide
information on parking availability. This thesis shows that the system level benefits to society
of such efforts are likely to be relatively limited. Since the impacts on total search time are
negligible, the expected positive benefits on noise and air pollution and a reduction in traffic
are unlikely to materialize. Moreover, the benefits that do exist for the (early) adopters of the
system come at a cost for drivers who have no access to a reservation system. Considering
these findings, it is advised to more critically scrutinize the possible societal benefits of onstreet parking (reservation) information systems before deciding on substantial investments in
such systems.

Samenvatting
Informatie speelt een steeds belangrijkere rol in transport, bijvoorbeeld bij het optimaliseren
in verkeersmanagement en routekeuze. Onderzoek naar informatievoorziening over parkeren
bestaat voornamelijk uit statische informatie gericht op parkeergarages en terreinen. Recente
ontwikkelingen in draadloze communicatietechnologie hebben er voor gezorgd dat het
mogelijk is om real-time ‘bottom-up’ informatie aan automobilisten te verspreiden over
straatparkeerplaatsen. Erg weinig onderzoek heeft zich tot nu toe echter bezig gehouden met
de mogelijke implicaties van deze vormen van ‘bottom-up’ informatievoorziening. Dit
proefschrift heeft, door middel van een serie gedetailleerde experimenten, een begin gemaakt
met het opvullen van deze lacune.
Het doel van dit proefschrift is het bestuderen van het effect van ‘bottom-up’ voertuig-naarvoertuig communicatie, én sensor-naar-voertuig communicatie in stedelijk parkeren. De vaak
waargenomen substantiële zoektijd naar een parkeerplaats in centrumgebieden wordt,
vanwege meerdere redenen, gezien als een serieus probleem door bewoners, bezoekers en de
lokaal verantwoordelijke autoriteiten. Zoekverkeer draagt aanzienlijk bij aan de CO2 emissie
en onnodig brandstofverbruik. Daarnaast heeft zoekverkeer een nadelig effect op de
verkeersveiligheid en maakt het de openbare ruimte minder aantrekkelijk voor andere
verkeersdeelnemers. Daar bovenop heeft de lage snelheid waarmee automobilisten op zoek
zijn naar een parkeerplaats een negatieve impact op congestie. Bovengenoemde significante
maatschappelijke redenen rechtvaardigen onderzoek naar het terugdringen van dit probleem.
De verspreiding en het gebruik van informatie over individuele straatparkeerplaatsen zou
theoretisch zoekverkeer kunnen terugdringen door; het verlagen van het aantal voertuigen dat
op zoek is naar een parkeerplaats, het verlagen van de gemiddelde zoektijd, of beiden.
Bovendien kunnen automobilisten mogelijk profiteren doordat ze een parkeerplaats kunnen
vinden die dichterbij hun eindbestemming is.
Om onderzoek te doen naar de impact van informatievoorziening aan automobilisten wordt
gebruikt gemaakt van een computer simulatie model. Het model dat gebruikt is voor dit
proefschrift is gebaseerd op PARKAGENT, een agent gebaseerd ruimtelijk simulatie model dat
geschikt is voor toepassing in het parkeerdomein. Het model maakt het mogelijk om
verschillende typen agenten te simuleren. Het originele PARKAGENT model is ten behoeve van
dit proefschrift uitgebreid met de mogelijkheid dat agenten informatie over beschikbaarheid
van parkeerplaatsen kunnen verzamelen, verspreiden en verwerken. Er wordt onderscheid
gemaakt in twee typen agenten, 1) gewone voertuigen, deze zijn niet in staat om informatie te
verzamelen, verspreiden en verwerken; 2) slimme voertuigen, die automatisch informatie
verzamelen en verspreiden over vrije parkeerplaatsen én in staat zijn om deze informatie te
verwerken wanneer ze op zoek zijn naar een parkeerplaats. Voor elk experiment dat gebruik
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maakt van een ‘grid’-patroon, worden verschillende aspecten per run gevarieerd: de initiële
bezettingsgraad van straatparkeerplaatsen (90%, 95% en 100%); en penetratiegraad van de
‘bottom-up’ communicatietechnologie (van geen, tot volledige verzadiging van de
technologie in discrete stappen: 0.0, 0.2, 0.4, 0.6, 0.8 en 1.0).
De analyse van de impact van parkeerinformatie begint met een studie in een zeer gestileerde
‘grid’-omgeving in Hoofdstuk 3. Een voertuig-naar-voertuig (V2V) communicatiestrategie
wordt vergeleken met een sensor-naar-voertuig (S2V) communicatiestrategie. De resultaten
laten zien dat, in tegenstelling tot wat er werd verwacht, de zoektijd voor slimme voertuigen
nauwelijks wordt teruggebracht (in vergelijking met de zoektijd van normale voertuigen) en
soms zelfs iets toenemen. Dit geldt voor beide communicatiestrategieën, maar voornamelijk
bij bezettingsgraden van 90% en 95%. In het geval van 100% bezettingsgraad, is er geen
verbetering zichtbaar wanneer gebruik wordt gemaakt van de V2V strategie. Er is echter een
duidelijke prestatieverbetering met betrekking tot zoektijd waarneembaar wanneer de S2V
strategie wordt toegepast. Hierbij moet worden opgemerkt dat de prestatieverbetering
terugloopt bij elke toename in penetratiegraad van de technologie. De analyses geven aan dat
op systeemniveau het voornaamste voordeel te vinden is in een daling van de gemiddelde
loopafstand tussen de parkeerplaats en de eindbestemming. Voor de V2V strategie is dit
alleen onder extreme condities het geval (100% bezettingsgraad). Voor de S2V strategie geldt
dit voor alle condities, ongeacht bezettingsgraad en penetratiegraad.
Hoofdstuk 4 bouwt voort op het vorige hoofdstuk met betrekking tot the toegepaste
communicatiestrategieën (V2V en S2V) en de gestileerde ‘grid’-omgeving. De belangrijkste
vraag die dit hoofdstuk wil beantwoorden is: houden de onverwachte resultaten uit het vorige
hoofdstuk ook stand bij minder gestileerde condities. Daarom wordt in dit hoofdstuk het
effect van ‘bottom-up’ informatievoorziening voor straatparkeerplaatsen bestudeerd onder
heterogene condities. Hierbij gaat het om heterogeniteit met betrekking tot gedrag van
automobilisten en met betrekking tot de ongelijke verspreiding van de parkeervraag over het
gebied. Deze heterogene condities zijn vertaald in drie verschillende scenario’s: een scenario
met alleen heterogeen gedrag bij automobilisten; een scenario met alleen heterogene
verspreiding van de ruimtelijke parkeervraag; en een scenario waarin beide dimensies
heterogeen zijn. De resultaten van dit onderzoek laten zien dat met de V2V
communicatiestrategie in de meeste simulatieruns de zoektijd niet wordt teruggebracht. Dit
geldt noch voor de individuele automobilist, noch op systeemniveau. Voor de S2V
communicatiestrategie geldt echter het tegenovergestelde. Hierbij is, in vergelijking met
normale voertuigen, de zoektijd voor slimme voertuigen teruggebracht en is deze ook meer
uitgesproken in vergelijking met een homogene setting. Dit geldt voor alle drie de heterogene
scenario’s, maar is het meest opvallend bij het scenario met ruimtelijke verspreiding van de
parkeervraag. De waargenomen verbeteringen in zoektijd laten zien dat het belangrijk is om
heterogeniteit mee te nemen bij het onderzoek naar de impact van ‘bottom-up’
informatievoorziening in het parkeerdomein. De resultaten met betrekking tot loopafstand
laten geen noemenswaardige verbetering zien bovenop de al aanwezige substantiële
verbetering in prestatie in vergelijking tussen slimme voertuigen en normale voertuigen voor
een homogeen scenario. Vergelijkbaar met de resultaten in Hoofdstuk 3 laat dit hoofdstuk
zien dat, ongeacht het scenario, op systeemniveau de gemiddelde zoektijd niet wordt
verbeterd. Net als in Hoofdstuk 3 geldt dat de verbetering in zoektijd van de slimme
voertuigen zorgt voor een rechtevenredige toename van zoektijd voor normale voertuigen. De
resultaten met betrekking tot loopafstand laten zien dat, ongeacht het gesimuleerde scenario,
op systeemniveau een algemene daling in loopafstand zichtbaar is.
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In Hoofdstuk 5 wordt de impact van parkeerreservering geanalyseerd. Parkeerreservering stelt
automobilisten in staat om een straatparkeerplaats te reserveren voordat ze aankomen bij de
eindbestemming. De verwachting is dat een reserveringssysteem, mits adequaat gehandhaafd,
resulteert in een kortere zoektijd naar een geschikte parkeerplaats. Bovendien voorkomt het
competitie tussen twee of meer slimme voertuigen voor dezelfde beschikbare parkeerplaats.
De simulatieruns in dit hoofdstuk maken alleen gebruik van de S2V communicatiestrategie,
aangezien de vorige twee hoofdstukken beiden hebben aangetoond dat de V2V strategie
nauwelijks tot geen verbetering oplevert. Uit deze simulaties blijkt dat slimme voertuigen die
gebruik maken van een reserveringssysteem substantiële voordelen hebben. Individuele
gebruikers hebben onder alle gesimuleerde omstandigheden voordeel met betrekking tot
zowel zoektijd als loopafstand. Dit contrasteert met de resultaten in de vorige hoofdstukken,
zonder reserveringssysteem, waar een verbetering in zoektijd alleen onder specifieke
omstandigheden plaatsvond. Verder laten de resultaten zien dat met een reserveringssysteem
de kans om binnen 10 minuten een parkeerplaats te bemachtigen substantieel toeneemt voor
slimme voertuigen. Net als in de vorige hoofdstukken nemen de voordelen in zoektijd en
loopafstand af bij elke stijging in het aandeel automobilisten dat gebruikt maakt van een
reserveringssysteem. Dit is het best waarneembaar bij een bezettingsgraad van 100%. Deze
stijging wordt veroorzaakt door de toenemende competitie tussen slimme voertuigen, bij een
toenemend aandeel slimme voertuigen. Ondanks dat een reserveringssysteem substantiële
voordelen oplevert voor individuele slimme voertuigen, zorgt het systeem nauwelijks voor
verbetering op systeemniveau. Zoektijd op systeemniveau neemt niet af, ongeacht de
bezettingsgraad, omdat het voordeel van de slimme voertuigen resulteert in reistijdverlies
voor de normale voertuigen. Daarentegen is de gemiddelde loopafstand significant afgenomen
bij een bezettingsgraad van 90% en 95%. Dit betekent dat een reserveringssysteem leidt tot
een meer optimaal ruimtelijk gebruik van beschikbare parkeerplaatsen in vergelijking met een
situatie zonder reserveringssysteem. Bij een bezettingsgraad van 100% is er nauwelijks een
vermindering in loopafstand waarneembaar, ongeacht de penetratiegraad.
De Hoofdstukken 3 tot en met 5 hebben laten zien dat ‘bottom-up’ informatieverzameling en
verspreiding in een stedelijke omgeving voordelen oplevert voor automobilisten die de
technologie adopteren, zij het onder specifieke omstandigheden. ‘Bottom-up’
informatievoorziening levert weinig voordeel op met betrekking tot een reductie in
zoekverkeer, tenzij een dergelijk systeem wordt aangevuld met een reserveringsmechanisme.
In dat laatste geval levert dit substantiële voordelen op voor slimme voertuigen op het gebied
van loopafstand en zoektijd, alhoewel de zoektijdreductie op systeemniveau nog steeds
verwaarloosbaar is. In de afgelopen hoofdstukken is de mate van realisme van de simulaties
geleidelijk steeds verder toegenomen. In Hoofdstuk 6 neemt het realisme nog meer toe, door
het verlaten van het gestileerde ‘grid’-netwerk voor een simulatieomgeving die het oude
stadscentrum van Antwerpen, België, voorstelt. Deze simulatieomgeving bestaat uit een
realistisch wegennetwerk met zowel straatparkeerplaatsen als andere parkeerfaciliteiten.
Daarnaast worden parkeerkosten geïntroduceerd en bevat de simulatieomgeving een
ruimtelijke heterogene verdeling van het parkeeraanbod en de parkeervraag. Parkeerprestaties
worden geanalyseerd voor de situatie waarbij alle straatparkeerplaatsen en andere
parkeerfaciliteiten in Antwerpen in staat zijn om informatie over de huidige beschikbaarheid
te delen. Daarnaast hebben slimme voertuigen de mogelijkheid om een parkeerplaats te
reserveren. De resultaten worden vervolgens vergeleken met een situatie in Antwerpen
waarbij geen informatie-uitwisseling of reserveringssysteem bestaat. Gezien de positieve
invloed van informatievoorziening bij heterogene omstandigheden, zoals die zijn gemeld in
Hoofdstuk 4, valt hetzelfde te verwachten voor het stadscentrum van Antwerpen. In
tegenstelling tot de verwachting geldt dit niet voor alle situaties. Door de lage gemiddelde
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bezettingsgraad in het simulatiegebied hebben slimme voertuigen geen significant lagere
zoektijd dan normale voertuigen. Daarentegen wordt de loopafstand significant verbeterd voor
slimme voertuigen, wat in lijn in is met de resultaten uit Hoofdstuk 5. Dat hoofdstuk liet zien
dat zelfs bij een lage bezettingsgraad van 50% loopafstand aanzienlijk werd verbeterd voor
slimme voertuigen. Wanneer wordt gekeken naar alleen het hart van het stadscentrum van
Antwerpen, een gebied dat gekarakteriseerd wordt door (extreem) hoge bezettingsgraden, is
waarneembaar dat slimme voertuigen wel degelijk voordeel hebben. In dit deel van de stad
zijn slimme voertuigen beter af dan normale voertuigen met betrekking tot zoektijd en
loopafstand. Nochtans blijven de resultaten op systeemniveau beperkt tot een daling in de
loopafstand, wat in lijn is met de resultaten uit de voorgaande hoofdstukken.
De resultaten en conclusies uit de Hoofdstukken 3 tot en met 6 laten zien dat ‘bottom-up’
informatievoorziening kan leiden tot een voordeel met betrekking tot zoektijd en loopafstand
voor geïnformeerde automobilisten. Automobilisten van slimme voertuigen worden bij het
gebruik van een sensor-naar-voertuig communicatiestrategie geconfronteerd met een lagere
zoektijd in vergelijking met normale voertuigen. Dit geldt echter alleen voor situaties met een
grote parkeervraag en een beperkt aanbod van vrije parkeerplaatsen. De loopafstand wordt
verbeterd onder alle onderzochte bezettingsgraden. De introductie van een
reserveringssysteem heeft aanvullend effect op de zoektijdreductie voor slimme voertuigen. In
tegenstelling tot de resultaten op individueel niveau, wordt de prestatie op systeemniveau
nauwelijks verbeterd. De zoektijdreductie voor slimme voertuigen is omgekeerd evenredig
met de zoektijd toename van normale voertuigen. Vandaar dat op systeemniveau de algemene
voordelen met betrekking tot zoektijd (grotendeels) nihil zijn. Daarentegen heeft de
verbetering in loopafstand voor slimme voertuigen geen impact op de loopafstand voor
normale voertuigen. Zodoende kan gesteld worden dat door de introductie van ‘bottom-up’
informatievoorziening (en reservering) voor automobilisten de gemiddelde loopafstand
verbeterd op systeemniveau.
In een poging om het zoekverkeer in steden terug te brengen zijn verschillende lokale
autoriteiten de laatste jaren gestart met het onderzoeken van mogelijkheden om
parkeersensoren te gebruiken om informatie aan te bieden over de beschikbaarheid van
straatparkeerplaatsen. Dit proefschrift laat zien dat op systeemniveau de maatschappelijke
voordelen relatief beperkt zijn. Gezien de verwaarloosbare impact op een reductie in zoektijd,
zullen de te verwachten positieve effecten op geluid- en luchtvervuiling en congestie niet
worden gerealiseerd. Bovendien gaan de vastgestelde voordelen voor (vroege) gebruikers van
het systeem ten koste van automobilisten die geen toegang hebben tot een
reserveringssysteem. Gezien deze bevindingen is het raadzaam om kritisch te onderzoeken of
de mogelijke maatschappelijke voordelen van informatievoorziening (en reservering) van
straatparkeerplaatsen opwegen tegen de substantiële investeringen die nodig zijn voor
dergelijke systemen.
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