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Abstract

Parking spaces in urban areas are a scarce resource. Thus, finding available parking
spaces can be troublesome and increases the driving time. This search for parking spaces
is termed cruising for parking and a problem faced in many cities. It consumes time, fuel
and unnecessarily increases the environmental pollution and congestion. One reason for
cruising for parking is the lack of knowledge in terms of (1) the location of parking spaces
and (2) the availability of parking spaces. Drivers with real-time and future parking
availability information avoid unnecessary cruising for occupied parking spaces. Thus,
real-time and future parking space availability prediction techniques can help to reduce
cruising for parking. Parking Inspectors (PIs) feedback the number of parked cars on
streets, since they periodically patrol to identify illegally parked vehicles. Hence, this
real-time controlling information can be incorporated to improve parking space availability
predictions.

In this thesis a crowd-sourced Parking Availability Prediction System (PAPS) which in-
tegrates multiple information sources was designed, implemented and evaluated. These
information sources include (1) information about parking space locations, (2) real-time
parking related events from drivers, (3) real-time Controlling Availability Feedback (CAF)
from PIs and (4) historic parking space availability information. The PAPS can help
drivers to efficiently find available parking spaces. Thus, cruising for parking is reduced.
Costs in terms of time, fuel and parking related emissions are lowered.

The goal of developing a PAPS is accomplished using the Scaled Factor Model (SFM) in
combination with multiple other time series prediction models. The SFM incorporates
the penetration ratio of the crowd-sourced PAPS and can thus deal with real-time parking
related events from drivers. Additionally, its predictions can be integrated into various
time series prediction models to estimate real-time and future parking availabilities. Mul-
tiple prediction models are utilized in the developed Dynamic Model Choosing System
(DMCS). Using CAFs, this system is able to dynamically select the best performing pre-
diction model.

A simulation environment has been developed which is used to evaluate the impact of the
two real-time information sources CAF and the parking related events. It has been shown
that large amount of parking related events through a high penetration of a crowd-sourced
approach can significantly improve the performance of parking availability predictions.
Additionally, the CAF from PIs is well suited to increase the performance of prediction
models at any penetration ratio level. Thus, a periodical CAF can be used to compensate
low penetration ratios of the crowd-sourced PAPS.
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The evaluation was conducted using parking availability data of three different parking
areas in Copenhagen. Other parking areas have yet to be evaluated. Furthermore, the
simulation environment is open for the evaluation of other parking availability datasets.
Additionally, more extensive tests with the DMCS have still to be conducted to reveal
its full potentials. In the future the DMCS can be integrated into the parkITsmart
environment to realise a real-world experiment. This thesis shows the impact of real-
time information sources on crowd-sourced parking availability prediction. Since such
information sources have been shown to significantly improve the performance of the
PAPS, different ways to obtain and integrate similar real-time information sources are a
topic for further investigation.



Zusammenfassung

In vielen Städten herrscht Parkplatz-Knappheit. Deshalb legen Autofahrer unnötige We-
ge zurück, was Zeit und Benzin kostet. Zusätzlich wird die Umwelt durch den erhöhten
Lärm und die Luftverschmutzung belastet. Gründe für diese Kosten sind erstens, dass die
Autofahrer nicht wissen wo Parkplätze gelegen sind und zweitens, dass die Autofahrer
nicht Bescheid wissen, ob diese Parkplätze zurzeit frei sind. Moderne Techniken die vor-
hersagen, wo Parkplätze frei sind oder werden, können verwendet werden um Autofahrer
bei der Suche nach Parkplätzen zu unterstützen und so die Suchkosten für Parkplätze zu
reduzieren. Eine Informationsquelle welche bislang nicht berücksichtig worden ist, stammt
von Personen, welche parkierte Autos kontrollieren. Ein parkiertes Auto bedeutet ein be-
setzter Parkplatz. Diese Information kann bei der Vorhersage der Parkplatzverfügbarkeit
verwendet werden.

Diese Arbeit entwickelte und evaluierte ein Vorhersagesystem der Parkplatzverfügbarkeit.
Das System integriert mehrere Informationsquellen. Diese bestehen aus (1) den Standorten
von Parkplätzen, (2) Ein- und Ausparkier-Events von Benutzern des Systems, (3) Verfüg-
barkeitsfeedback von Autokontrollen und (4) historische Informationen zur Verfügbarkeit
von Parkplätzen. Ein dynamisches System wurde entwickelt, welches mehrere Vorhersage-
modelle gleichzeitig berücksichtigt. Dieses System verwendet die Informationsquelle von
Kontrolleuren, um das beste Modell zur Laufzeit zu bestimmen. Dieses wird dann ver-
wendet, bis das nächste Verfügbarkeitsfeedback von Kontrolleuren eintrifft. Dann wird
das aktive Modell neu evaluiert. Das dynamische System arbeitet mit mehreren Vorher-
sagemodellen, um mit unterschiedlichen Parkplatzverwendungsmustern in verschiedenen
Parkplatzgebieten umgehen zu können.

Eine Simulationsumgebung wurde entwickelt, um den Einfluss von Kontrolleuren und
Ein- und Ausparkier-Events von Benutzern zu evaluieren. Die Evaluation in der Simulati-
onsumgebung verwendet Park-Datensätze von Parkuhren in Kopenhagen. Die Resultate
zeigen, dass eine hohe Anzahl an Parkier-Events von Benutzern einen positiven Effekt auf
die Performanz des Vorhersagesystems hat. Zusätzlich kann bereits eine Kontrolle zweimal
am Tag die Leistung des Vorhersagesystems erheblich beeinflussen.

Weitere Arbeiten beinhalten zusätzliche Tests des dynamischen Vorhersagesystems. Aus-
serdem kann es in die parkITsmart Umgebung integriert werden, um ein reales Expe-
riment in einem Parkplatzgebiet durchzuführen. Diese Arbeit zeigt den Einfluss von
Echtzeit-Informationsquellen auf ein Vorhersagesystem der Parkplatzverfügbarkeit. Die
zwei verwendeten Echtzeit-Informationsquellen haben die Resultate des Systems signifi-
kant beeinflusst. Deshalb ist die Suche nach und die Integration von ähnlichen Echtzeit-
Informationsquellen eine interessante mögliche Weiterentwicklung.

iii



iv



Acknowledgments

I would like to thank all those who supported me during my work on the thesis. I want to
thank Prof. Dr. Burkhard Stiller for the chance to complete this interesting master thesis
at the Communication Systems Group. Thanks to my co-supervisor Patrick Poullie for
his advice.

Many thanks to my supervisor Christos Tsiaras for the effort he put into this thesis. The
collaboration was very pleasant and his feedback highly appreciated.

Furthermore, I thank the Dienstabteilung Verkehr of the city of Zurich and the authorities
responsible for the available datasets in Copenhagen for their input and cooperation.

Fabian Hofstetter and Samuel Liniger worked on related topics. Many thanks for the
constructive discussions, support and the efficient collaboration. A special thanks goes to
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Chapter 1

Introduction

Cruising for parking [32] [33] is an omnipresent problem in many cities. According to [33],
it is caused due to the relatively low prices of on-street parking spaces compared to off-
street parking facilities. Therefore, the demand for on-street parking spaces is often higher
than the supply. This leads to a parking shortage problem which implicates cruising for
parking. Several studies examined the cruising for parking problem [32] [33] [36]. It has
been shown that the average time to find an on-street parking space is eight minutes.
Furthermore, around 30% of a city’s traffic is proven to be caused by cruising for parking
[33].

Cruising for parking is harmful on the social level and also on the individual level. For
individuals it consumes time and fuel. The society is damaged since cruising for parking
unnecessarily increases the environmental pollution and congestion in cities. However,
the cheap prices of on-street parking spaces provide an economical incentive to cruise
for parking. One approach to minimize cruising for parking is proposed by the SFpark
project [31] in San Francisco. The demand for on-street parking spaces is regulated by
demand-responsive pricing. Thus, the economical incentive to cruise for highly demanded
parking spaces is reduced.

Another reason for individuals to cruise for parking is the lack of knowledge in terms of (1)
the location of parking spaces and (2) the availability of parking spaces. [4] states that the
”Lack of efficiency in transportation networks typically arises from uncertainty, e.g., about
the availability of resources (such as parking lots or bicycles in bike sharing systems), or
the exogenous factors affecting their demand (such as weather or the time of the day).”
This uncertainty about the availability of parking spaces increases the cruising for parking.
Additionally, the parking space utilization is not optimal due to an information asymmetry
between Parking Providers (PPs) and drivers. To optimize the parking space utilization,
parking related information sources have to be shared with drivers.

Approaches which try to solve the parking shortage problems in urban areas are of high
public, academic and commercial interest [2–4, 9, 10, 13, 17, 18, 21, 31, 34, 35, 38, 44]. Audi
[35] uses multiple real-time and historical information sources to tell the driver which
parking spaces are available or when a parking space will become available. Siemens [34]
and Telekom [10] use sensors on parking spaces to provide parking space availability
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2 CHAPTER 1. INTRODUCTION

information. Public authorities in cities like guide drivers to car parks with available
parking spaces using message boards. Such a guiding system is operating in the city of
Zurich [25]. It provides real-time parking availability information of multiple car parks
but lacks future parking availability estimations. Thus, upon arrival there may not be
a parking space available. Such systems usually only cover parking spaces provided by
car parks and do not integrate any information about on-street parking spaces. Recently,
The New York Times wrote in an article about the legal obstacles of some crowd-sourced
parking solutions [23].

Without investments in the infrastructure of parking spaces, exact real-time availability
information is often not accessible. However, it can be estimated. Additionally, future
availability predictions are valuable, since drivers may want to know the point of time a
currently occupied parking space will become available. Drivers with such information
would avoid unnecessary cruising for occupied parking spaces. Thus, real-time and future
parking space availability prediction techniques can help to reduce cruising for parking.

1.1 Motivation

Multiple approaches use information gathered through sensors to provide real-time park-
ing savailability and to predict future availabilities [2–4, 13, 17, 18, 38]. These sensors
are deployed in parking facilities or on on-street parking spaces. The drawback of such
infrastructure-based solutions are the costs of the sensors, their deployment and mainte-
nance.

Today’s technologies allow drivers to share parking related information in real-time. Smart
phones can be used to transmit parking or release parking events to other drivers. The
value of the generated information of such crowd-sourced approaches is highly dependent
on the number of participants. Users contribute to the system by sharing empty or
occupied parking space information. In return, they benefit from information such as
parking space availability in a certain area. ParkU [26], PhonePark [44] and parkITsmart
[24] are examples of crowd-sourced parking solutions.

All examined infrastructure-based and crowd-sourced approaches do not consider the real-
time information source which can be gathered from Parking Inspectors (PIs). The task
that a PI performs is to periodically monitor and control parked vehicles. A parked
vehicle indicates an occupied parking space. This real-time controlling information can
be incorporated to improve parking space availability predictions.

The goal of this thesis is to design, implement and evaluate a Parking Availability Predic-
tion System (PAPS) which integrates multiple informations sources. These information
sources include (1) information about parking space locations, (2) real-time parking re-
lated events from drivers, (3) real-time controlling information from PIs and (4) historic
parking space availability information.
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The evaluation is used to address the following research topics:

• The impact of the controlling information source

• The impact of contributors in a crowd-sourced approach for parking availability
prediction

These topics consider the influence of (1) the controlling information source and (2) park-
ing related informations gathered through a crowd-sourced approach. They are examined
to show (a) how they influence each other, (b) how they affect the performance of the
crowd-sourced PAPS and (c) to determine their importance to the PAPS.

1.2 Description of Work

In order to reach the described goals, the following methods and approaches are used. To
conduct the impact of real-time information sources on crowd-sourced parking availabil-
ity prediction, current approaches in the literature are examined and described. These
consist of crowd-sourced parking solutions and infrastructure-based parking solutions.
Crowd-sourced parking solutions use information gathered through users to provide park-
ing availability predictions. Infrastructure based approaches use sensors deployed on park-
ing spaces or parking facilities to provide real-time availability and to predict future park-
ing availabilities. The insights from related works are integrated to define requirements
of the crowd-sourced PAPS and performance measures.

The PAPS is systematically designed, implemented and evaluated based on the specified
requirements and includes a Dynamic Model Choosing System (DMCS) which concur-
rently uses multiple parking availability prediction models for every parking area. It
incorporates multiple real-time information sources to predict current and future parking
availabilities. The real-time information sources are crowd-sourced and include parking
related events from drivers and Controlling Availability Feedbacks (CAFs) from PIs. The
CAFs are integrated into the DMCS to update the current parking availability of parking
areas and to dynamically choose the best performing prediction model. The chosen model
will then operate until the arrival of the next CAF where the new operating prediction
model is evaluated. Additionally, the PAPS contains a scoring system. It helps to identify
good and bad performing models in the long run.

Furthermore, a flexible and realistic simulation environment is designed and implemented.
It is used to evaluate the implemented PAPS in terms of accuracy and complexity and
to reason about the research topics. Three performance measures are included: (1) the
Root Mean Squared Error (RMSE), (2) the Mean Prediction Error (MPE) and (3) the
Boolean Availability Accuracy (BAA). It is possible to adjust several parameters such as
the penetration ratio, the amount of CAF, the working hours of PIs, future prediction
horizons, false negative and false positive rates. Additionally, the simulation environment
is able to process datasets from parking meters and supports the calculation of the historic
mean availability and the standard deviation at any given daytime. The evaluation results
are used to study the impact of real-time information sources on crowd-sourced parking
availability prediction. Finally, these results are critically discussed and concluded.
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1.3 Thesis Outline

The thesis is structured as follows: Chapter 2 describes the related work. It discusses
infrastructure-based and crowd-sourced parking solutions. Chapter 3 covers functional
and non-functional requirements, the formalization, the design and the implementation of
the PAPS. The simulation environment, its underlying assumptions and parameters, the
defined performance measures, the design and implementation are presented in Chapter
4. The evaluation in Chapter 5 examines the PAPS’s performance in the simulation
environment. Real-world parking availability datasets of three parking areas are evaluated.
Chapter 6 discusses the evaluation results. Finally, the thesis is concluded and summarized
in Chapter 7.



Chapter 2

Related Work

In order to find appropriate models for parking availability prediction and performance
measures for their evaluation, this chapter analyses and compares the related work. The
related work concerning parking availability prediction is divided into two classes in this
thesis: (1) Infrastructure-based and (2) crowd-sourced parking solutions. To provide real-
time parking space availability information, (1) deploy sensors on parking spaces and in
car parks. A significant drawback of infrastructure-based solutions is the costly nature
of sensors, their deployment and maintenance. In (2), the information is gathered from
participants of the system. A trade-off between (1) and (2) is that crowd-sourced solutions
provide uncertain and incomplete information at low costs whereas infrastructure-based
solution yield more information at higher costs. The two approaches are compared in Table
2.1. At the comparison of the perfect availability information, the ”No” is in parentheses,
since a crowd-sourced parking solution would only be able to provide perfect availability
information, if everybody used the solution.

Table 2.1: Comparison of Infrastructure-based and Crowd-sourced Parking Solutions

Criterion Infrastructure-based Crowd-sourced

Dependent on Infrastructure Yes No

Dependent on Propagation (# Users) No Yes

Perfect Availability Information Yes (No)

Maintenance needed Yes No

2.1 Infrastructure-based Parking Solutions

Infrastructure based parking approaches gather data from sensors, aggregate and pro-
cess them to generate useful information about the current parking state. The deploy-
ment of sensors is costly. However, accurate real-time availability information can be

5
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extracted. Multiple approaches use this information source to predict future availabili-
ties [2–4,13,17,18,38]. Despite the parking availability prediction, the waiting time until
one parking space becomes available can be estimated [2, 13, 18]. Infrastructure-based
solutions are further divided into on-street and off-street sensor solutions. Additionally,
approaches in shared bicycle environments are considered, since they have some problems
with infrastructure-based parking approaches in common.

2.1.1 On-Street Sensor Solutions

On-street parking spaces are (a) located on the street, (b) outdoors, and (c) relatively
cheap compared to off-street parking spaces. Thus, the demand for on-street parking
spaces in urban areas is generally higher than the supply. Furthermore, on-street parking
space shortage is responsible for most of the cruising for parking [33]. Therefore, smart
parking solutions concerning on-street parking spaces are a topic which lately has attracted
significant attention [9,10,21,31,34,35,38,44].

Several sensor based approaches and projects try to face the cruising for parking problem
for on-street parking spaces. Deutsche Telekom and Kiunsys are running such a project
in the Italian city of Pisa at the Piazza Carrara. Sensors on each parking space detect the
occupancy of parking spaces. This information is sent over mobile networks to a central
server and then displayed on message boards. Furthermore, a mobile application is using
this information to guide drivers to available parking spaces [10]. A similar infrastructure-
based approach is followed by SFpark in San Francisco. Parking spaces are equipped
with sensors to detect the occupancy state. To deal with the on-street parking space
shortage, the demand for parking spaces in SFpark is regulated by demand-responsive
pricing [31]. ParkNet is following a different sensor based approach. Vehicles are equipped
with ultrasonic sensors to monitor parking availability while driving [20].

Real-time availability is a useful information. It can help to reduce cruising for parking
in urban areas, since drivers know exactly where to find available parking spaces [36].
Additionally, such information can be used by PPs to monitor their parking space usage
[32]. However, a parking space may already be occupied upon arrival. This problem is
faced in the work of [38]. A wide network of parking sensors is used to provide information
about their occupancy and to predict future availability. The predictions are based on
survival analysis and neural networks. Two different prediction types are targeted: (1)
the probability of an available parking space to continue being available and (2) the future
parking availability estimation in aggregated parking areas.

(1) is estimated using a Weibull parametric model and (2) using a neural network model
for time series prediction. The sensors are deployed in the city of Santander in Spain. A
web page [21] provides an interactive map which displays the current availability as well
as future predictions for aggregated parking spaces using time horizons of five, ten and 15
minutes (cf. Figure 2.1). The real-time availability of single parking spaces can easily be
shown on a map. Green and a red icons can be used to indicate the availability of every
parking space. However, to provide a bird eyes view, it is essential to aggregate multiple
neighbouring parking spaces for future predictions. Furthermore, drivers are generally not
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interested whether a single parking space is available in the future. Moreover, they care
about the overall availability in a certain area.

Figure 2.1: Mitos Project With Its Interactive Map Which Shows Current and Future
Parking Space Availabilities [21]

2.1.2 Off-Street Sensor Solutions

Off-street parking facilities consist of aggregated parking spaces and are often located
indoors. Car parks and parking lots are considered to belong to off-street parking. These
facilities generally have a higher capacity than single groups of on-street parking spaces.
They are owned by private companies or city authorities and typically equipped with a
ticketing system. Using sensors, parking facilities are able to track incoming and outgoing
vehicles to calculate their current availability. This information is used in multiple cities
to show drivers the occupancy respectively the availability in different parts of the city
through message boards. The guiding system of Zurich, which uses message boards, can
be seen in Figure 2.2. For off-street parking facility authorities, it is possible to reduce
sensor deployment costs, since only one sensor at the gate is capable to provide the same
information as on-street parking space sensor networks. Similar to on-street real-time
parking solutions, message boards do not provide any further availability information.
Several works are focused on this problem [2,3,18,32]. In [18], a model is used to predict
the number of available parking spaces in a parking lot. The parking lot is modelled
by a continuous-time Markov chain [30]. The lot regularly communicates the number of
occupied parking spaces, capacity, arrival and parking rates through a vehicular network.
Using this data, it is suggested that navigation systems in vehicles compute the probability
of an available parking space upon arrival. Thus, the computation is not done centrally
but rather distributed.

The model tries to answer two crucial questions: (1) What is the availability upon arrival
and (2) what is the waiting time if the availability is zero? The arrival of vehicles at
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Figure 2.2: Parking Guidance in Zurich Using Message Boards1

the parking lot is modelled by a Poisson process [29] using the calculated arrival rate.
Furthermore, the occupancy time of a parking space is represented by an exponential
distribution. Interestingly, it is proposed to distribute the computations to the drivers to
avoid a central entity. It is argued that the computation is not too complex for on-board
computers or navigation systems. Since the model incorporates the distance between the
driver and the parking facility, the distribution of the computation can be reasonable.
The developed algorithms are demonstrated in two examples where the proposed models
seem to be a good fit.

In [3], a model which predicts parking lot occupancy based on information exchanged
among vehicles is presented. Similar to [18], queuing theory and a continuous-time ho-
mogeneous Markov model is used. Five values for each parking lot are distributed in
the network of vehicles: (1) time-stamp, (2) capacity of the parking lot, (3) number of
currently occupied parking spaces, (4) the arrival rate and (5) the parking rate. The
future occupancy is then computed by a homogeneous Markov model with exponentially
distributed inter-arrival and parking times. The probability is focused where at least
one parking space is available upon arrival. [3] states that the model is most effective for
prediction times less than or equal to 15 minutes.

The smart parking algorithm presented in [32] helps drivers to find parking facilities
considering several factors such as the availability, driving distance to the facility, walking
distance from the facility to the final destination, parking costs or traffic congestion. A
parking guidance and information sharing problem is covered: multiple-car-chasing-single-
space. Once a parking system provides availability information to drivers, it can happen
that multiple vehicles drive concurrently to the same facility. This increases the traffic
congestions towards that facility and lowers the chance of an available parking space upon
arrival. A buffered solution is proposed where facilities do not share the full amount of
available parking spaces to drivers. However, it is difficult to set the size of this buffer. If
it is too large the facility may not use its full capacity and if it is too small the waiting
time for customers increases and they may get dissatisfied.

The developed smart parking guidance algorithm can serve many vehicles at the same
time. A car is assigned to a parking facility based on the utility function covering the
mentioned factors. The smart parking guidance algorithm has two main components.
The first one monitors the states of the parking facilities. It requests information from
the parking facilities and stores this information on a central server. The parking lot

1Source: http://www.pls-zh.ch/info.jsp
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information is gathered through real-time sensors on each parking space or through the
sensors at a gate of a parking facility. The second component handles driver requests. If
a driver requests a parking space, the driver’s current location and the final destination
are sent to the central server. Then, the server calculates the drivers utility function and
replies with a parking suggestion. The algorithm also allows drivers to reserve a parking
lot. However, the costs for a reserved parking space occur from the reservation time.

The prediction is done using a utility function which considers the following factors: (1)
driving duration and distance, (2) walking distance from the facility to the final desti-
nation, (3) parking costs, (4) traffic congestion generated by the guidance itself and (5)
the possibility to find an available parking space at arrival time. The availability is pre-
dicted considering the mean time between arrivals at the parking facility. Additionally,
the parking guidance algorithm is evaluated using a discrete time-based simulation. Dif-
ferent weights are used to examine the impact of the factors. The analysis is done using
several performance measures such as average driving duration, average walking distance
or parking fail rate.

In [2], a solution to predict real-time parking space availability in intelligent parking reser-
vation systems is described. The parking allocation is done iteratively. The intelligent
parking reservation system uses an aggregated approach which considers the drivers’ pref-
erences and the parking availability. Vehicle arrivals are assumed to follow a Poisson
process which is based on the historical average arrival rate. Factors such as driving and
walking distance, waiting times, fees, service level, safety and availability are considered.
The algorithm uses real-time and historical data of a typical operation day of parking
facilities. The predictions are based on a discrete choice model. The algorithm consists
of three main subroutines: parking request allocation, future departure estimation and
availability forecast. The utility function of different parking alternatives is described ac-
cording to discrete choice theory as a function of distance, fee etc. The parking allocation
algorithms are evaluated using a simulation with two parking facilities.

2.1.3 Shared Bicycle Environments

Shared bicycle environments are used in urban areas like Barcelona [1], Dublin [11] or
Toulouse [37]. The Bicing project [1] in Barcelona allows users to borrow a shared bike
and ride from a bike station to another. The rent is cheap and in cities it is often time
efficient to travel short distances by bicycle rather than travelling by car or taking public
transportations. Several bicycle stations are distributed around the city. The system
allows a user to pick up and leave a bicycle at any station. Usually it exists a time
constraint to return the bicycle.

Shared bicycle environments share problems with off-street parking facilities. The two
main issues are: (1) No bicycle can be available at a given time and station and (2) the
station close to a given destination has already reached its capacity, thus the bicycle can
not be passed back.

In [13], a spatio-temporal analysis using 13 weeks of bicycle station usage data from the
Bicing system in Barcelona [1] is conducted. The stations in Barcelona are equipped with
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sensors to measure the availability at any point in time. Machine learning and clustering
techniques were applied to identify shared behaviours across bicycle stations and to show
how these behaviours relate to location, neighbourhood and the time of the day. It was
possible to find temporal patterns. A weekday typically had three main activity spikes,
in the morning, early afternoon and in the evening. This is reasonable, since on weekdays
people may use the bicycles in the morning to go to work, in the early afternoon to have
lunch and in the evening to get home. For the analysis of the spatio-temporal patterns,
the hierarchical clustering technique dendrogram clustering is used [12]. Neighbouring
stations could be shown to have similar usage patterns. Additionally, the analysis results
showed that more bikes come from the suburbs to the city centre and to commercial
districts. Thus, it may be necessary to occasionally relocate bikes from the city centre
and the commercial districts to the suburban parts. These temporal and spatio-temporal
patterns are very useful for the Bicing authorities to be able to deal with spikes and to
distribute the stations and bicycles according to their usage activities.

Four models to predict the availability at a given station are considered: (1) the last
value, (2) the Historic Mean Availability Model (HMAM), (3) historical trend and (4) a
Bayesian network. The time horizons of future predictions range from ten to 120 minutes.
The models take as input the current time, the last known number of available bikes and
the time prediction window. The last value model considers the last known availability as
the current availability. The HMAM takes the historic mean availability as an estimation
of the availability at a given time. The historical trend model combines the last value and
the HMAM. It computes the difference between the average number of bicycles at the last
known availability (HMCurrent T ime) and the prediction time (HMPrediction T ime) and adds
it to the last known availability (cf. Equation 2.1). Furthermore, a Bayesian network with
three input nodes and one output node is constructed for every station. The input nodes
consist of the current time, the last known availability and the time prediction window.
The output node represents the estimated availability. The evaluation was conducted by
splitting the bicycle station usage data into training and test data. Bayesian networks
outperformed the other models and reached the smallest prediction error of 8 percent.

Historical Trend = AvailabilityCurrent T ime + (HMPrediction T ime −HMCurrent T ime)

(2.1)

The integration of multiple information sources can positively affect an availability pre-
diction model in shared bicycle systems [4]. Information sources like day of the week
or weather into the prediction models are incorporated. Such information sources are of
high importance to a prediction model. For instance, it has been shown that the usage
of bicycles is dependent on the weather. Additionally, daily usage patterns as seen in the
work of [13] can be incorporated into the prediction to improve the accuracy. [4] states
that ”the lack of efficiency in (shared bicycle) transportation networks typically arise from
uncertainty, e.g. about the availability of resources.” Thus, a two-stage prediction prob-
lem is identified: (1) how many bicycles will be available at a given time and (2) what is
the waiting time if the availability is zero?
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(1) is solved using generalized additive models for demand and availability predictions.
These predictions include exogenous effects such as weather and the day of the week.
The time horizons of the predictions range from short-term (five minutes) to medium-
term (1 hour) and to long-term (24 hours). (2) is modelled under the assumption of
inhomogeneous Poisson inter-arrival times with an exponential distribution. The arrival
times are calculated using historical availability data of shared bicycle stations. Their
models are evaluated by splitting the historic availability data from the shared bicycle
stations in Dublin [11] into training and testing sets. The results show that the general
additive models outperform a last value, HMAM and an autoregressive-moving average
model in the short-, medium- and long-term.

Similar to [4] [13], [17] analyses human mobility data in urban areas using the availability
of bicycles in the stations in Barcelona [1]. Identified usage patterns help to predict the
number of available bicycles at a given station some minutes or hours ahead. Different local
activity cycles for weekend and weekdays were identified. Global activity cycles are studied
by aggregating the availability of multiple stations. Furthermore, mobility patterns could
be verified (e.g., movements from residential areas to the university and business districts).
The availability data of the stations were used to implement an auto-regressive moving
average model. It allows predicting the availability of a station considering the recent
availability history of that station as well as the history of close neighbouring stations.

2.2 Crowd-Sourced Parking Solutions

This section describes three crowd-sourced parking solutions: (1) ParkU [26], (2) PhonePark
[44] and (3) parkITsmart [24]. ParkU is a crowd-sourced mobile application where pri-
vate people and companies can provide their parking spaces to ParkU users for a fee.
PhonePark uses mobile phones to predict parking availability. The application automati-
cally detects the parking state of the phone owner and shares this information with other
users. parkITsmart is the end-user application of a Parking Monitoring and Management
System (PMMS) [14]. The PMMS includes a mobile application for drivers, a mobile
application for PIs and a marking system to manage parking space related data.

These three solutions do not work with deployed sensors e.g., on parking spaces or in
parking facilities. The value of the generated information of such systems is highly de-
pendent on the number of participants. Every single user is contributing to the system
by sharing empty or occupied parking space information. In return they benefit from
information such as parking availability in a certain area. These three approaches and
their differences are discussed in detail in the next subsections.

2.2.1 ParkU - The Private Parking Space Market

ParkU [26] is a known solution in Switzerland which helps to find and rent parking spaces
in Swiss cities. It consists of an online parking space market where individuals but also
companies can publish their parking spaces. The available parking spaces are displayed
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on the website or on the ParkU smart phone application. Several main Swiss cities as
well as the German cities Berlin, Dusseldorf, Hamburg and Munich are supported.

The main features on the parking space demand side are (1) searching for parking spaces,
(2) booking a parking spaces in advance, (3) payment without cash (Pay Pal, Master
Card, Visa), (4) possibility to extend parking duration and (5) possibility to cancel booked
spaces. Private parking space providers are able to offer a parking space for a fee. Time
and duration is up to the provider.

ParkU acts like a reservation system. Thus, parking availability prediction is not necessary.
ParkU tries to efficiently occupy free or unused parking spaces and thus to overcome the
parking problem. For instance, a parking space at the residence of a person who goes
to work by car is usually unoccupied during daytimes. In urban areas with parking
space shortage, it is reasonable to use this parking space during daytimes. On top of the
improved parking efficiency, the parking space owner is able to benefit from the parking
fee. However, the supply of parking spaces in ParkU is dependent on the amount of users
willing to provide parking spaces.

2.2.2 PhonePark - Real-time Street Parking Availability Esti-
mation

In [44] an approach called PhonePark is presented, which helps users to find available
on-street parking spaces. The system detects a drivers’ parking state using GPS and/or
accelerometer sensors of the mobile phone. Additionally, the Bluetooth pairing between
on-board computer of vehicles and mobile phones can be used as an indicator whether
a vehicle is parked (Bluetooth not connected) or driving (Bluetooth connected). This
information is shared among other users of the system to provide parking space occupancy
and availability informations.

To make feasible real-time street parking availability estimations, two constraints have to
be dealt with:

1. It cannot be assumed that every driver uses the application.

2. The parking state detection does not work with a 100% accuracy.

To address 1., a penetration ratio is used which indicates the percentage of people using
the system. For instance, if a driver shares a parking event with the application and 20%
of all drivers use it, the algorithm can subtract five ( 1

0.2
= 5) parking spaces from the

availability of that area instead of one. Contrary, five parking spaces are added to the
availability of that area once a driver leaves the space using the application. Parking space
availabilities are predicted for an aggregation of several parking spaces (e.g., all parking
spaces of a parking meter, or parking spaces around one block). It is not reasonable to
use such an estimation factor on single parking spaces, since it is not possible to add or
subtract more than one space from the availability of only one parking space. Since this
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factor scales the amount of added or subtracted parking spaces to the availability, it is
called the scaled factor.

The second problem considers the fact that the system may produce wrong observations
of parking events. There can be GPS errors of the device, parking status detection errors
or errors using the Bluetooth pairing between the vehicle and a mobile device. These
error sources can be taken into account when calculating the scaled factor. The errors
are divided into false positives and false negatives. The false positive rate determines the
percentage of parking and parking release events detected which did not happen. The
false negative rate determines the percentage of parking and release parking events which
were not detected.

The scaled factor is computed as shown in Equation 2.2. The false positive rate is denoted
by fp and decreases the scaled factor because fp per cent of the detected incoming events
did not actually happen. The false negative rate is denoted by fn and increases the
scaled factor, since fn per cent of the parking events were missed and not detected. The
penetration ratio is represented by the variable p.

Scaled Factor =
1− fp

p ∗ (1− fn)
(2.2)

The approach is evaluated using a simulation with real world parking data of two blocks
from the SFpark project in San Francisco [31]. Four parking availability estimation algo-
rithms are compared: (1) the HMAM, (2) the Scaled Factor Model (SFM), (3) a weighted
average between (1) and (2), and (4) a model using a Kalman filter. The SFM works as
follows: For every incoming parking or release parking event, the availability of the cor-
responding block is decreased or increased by the scaled factor. If the availability reaches
zero or less it is set to zero. Accordingly, the availability is set to the block’s capacity once
the factor would increase the availability to or above it. The models are evaluated using
the performance measure Boolean Availability Accuracy (BAA). A prediction is correct
if it predicts at least one available parking space and there is indeed one, or it predicts no
availability and there is indeed no parking space available. The BAA is then calculated by
taking the division of the correct cases over the sum of correct and incorrect predictions
(cf. Equation 2.3). This performance measure considers the typical use-case of a driver.
A driver is typically only interested whether at least one parking space is available.

BAA =
Correct Predictions Availability >= 1 + Correct Predictions Availability = 0

Total Predictions

(2.3)

Furthermore, the Root Mean Squared Error (RMSE) is used as an additional performance
measure. The evaluation is repeated using the penetration rates of 1% and 50% as well
as multiple values for the false positive and false negative rates. The results show that
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in most cases the Kalman filter model has the lowest RMSE, followed by the weighted
average. However, considering the BAA, weighted average and the HMAM outperform
the Kalman filter model. The weighted average reaches a boolean availability accuracy of
90%.

2.2.3 parkITsmart

parkITsmart [14] [24] [36] is the end-user application of a PMMS that collects, processes
and displays information about parking spaces, their occupancy state, parking related
tariffs and regulations. It consists of three main components: a mobile application for
PIs, a mobile application for drivers and the marking system. Parking availability esti-
mations are based and dependent on users sharing their parking state. These estimations
are presented on a map in the mobile application for drivers. Additionally, it includes
features like extension of parking time, reminder of the parking location and reminder of
the parking expiration. These incentives are used to attract users to contribute to the
parking availability system. The controlling application supports PPs in monitoring their
parking facilities. This monitoring and controlling is done by PIs. The applications were
initially developed for the usage in Zurich, Switzerland. However, they are designed to be
adaptable to other cities and countries.

End-User Application

The main features of the End-User Application consist of (1) a map to show parking lots
or the position of a user’s parked vehicle, (2) parking management, (3) multi language
support and (4) location-based regulations.

The map is used to show unavailable parking spaces or possible available parking spaces
(cf. Figure 2.3(a)). Unavailable parking spaces can be displayed using parking state infor-
mation from other users. This occupancy information is used to show possible available
parking spaces. Once parked, the location of the vehicle and the location of the applica-
tion user can be indicated. The map integrates a filter which is able to display different
types of parking spaces, car parks or to show occupied parking spaces only. Neighbouring
parking spaces are aggregated for visualization purposes.

As soon as a user finds a parking space, the user’s parking state is sent to the back-end
server. If a vehicle is equipped with an iBeacon [43], the corresponding smart phone of
the driver sends its parking state and location automatically to the server. This is done
once the driver parks on or releases a parking space [19]. If the vehicle is not equipped
with an iBeacon, the parking state can be shared through manual input. After a vehicle is
parked, it is possible to lookup the location of the vehicle as well as the parking expiration
time (cf. Figure 2.3(b)). The application offers multi-language support. Additionally, it
allows the user to see location based regulations concerning the different parking types
(cf. Figure 2.3(c)).
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(a) Default Map (b) Parking Management (c) Parking Regulation

Figure 2.3: UI Screens - Map, Parking Management and Parking Regulation

Controller Application

The controller application supports PPs in their parking monitoring duty. The process of
controlling parked vehicles is more efficient, due to the usage of the controller application
[36]. It provides four ways to PIs to check if a vehicle is parked legally. The parked
vehicle can be controlled by scanning a NFC-tag or a QR-code attached to the vehicle.
In both methods, vehicle related properties are stored on the NFC-tag respectively the
QR-code. The third option is to enter the license plate manually (cf. Figure 2.4). The
fourth method searches for close iBeacon signals and uses the iBeacon identification to
check whether a vehicle is parked legally [15].

All four methods send a request to the server where the check is performed. To prevent
fraud, the brand, model, colour and license plate are displayed. This enables a cross-
checking of the vehicle information on the server with the actual vehicle. Once an illegally
parked vehicle is identified, a fine can immediately be sent to the holder of the parked
vehicle. The fine information is stored on the server and sent to the holder of the vehicle
via e-mail (cf. Figure 2.4).

Marking System

The marking system [15] is a crowd-sourced web-based approach which allows a city’s
inhabitants to contribute to the parking space capturing process. For this purpose, an
end-user can mark parking spaces in the area of interest. The collected data has to be
validated by at least two other random end-users. This helps to minimize the possibility
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(a) Manual Check (b) Illegal Parking Alert (c) Send Fine

Figure 2.4: UI-Screens - Vehicle Check and Fine Management

of invalid data in the system. The marking system facilitates the process of collecting
parking space related data such as the location, the orientation, the legislation and the
capacity of parking space area.

Differences, Benefits and Synergy Effects of parkITsmart

The PMMS shows unavailable parking spaces and an estimation of available parking
spaces. This is done following a crowd-sourced approach. The chosen approach makes
use of input from PIs who have an incentive to control parking facilities. Parked vehicles
are controlled regularly. Therefore, this information can be integrated into the PMMS
to show unavailability. Furthermore, the chosen approach is able to integrate multiple
available information sources (i.e., availability in car parks or other publicly available
datasets).

The PMMS is not dependent on any costly infrastructure. Controlling methods with
NFC-tags, QR-codes or iBeacons are only considered to ease the controlling process and to
improve the efficiency of PIs [36]. As a summary, the PMMS serves multiple stakeholders
such as drivers and parking authorities with the goal to provide an overall solution to the
parking problem. Mobile applications are provided to drivers and to PIs. Parking space
capturing capabilities are included in the marking system.

The described solution ParkU is a parking approach which considers a minority of the
parking spaces in a city. They only work with privately owned parking spaces. Therefore,
ParkU is only a partial solution to the parking problem. Contrary, the PMMS uses data
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from different information sources and integrates them to a single system. This results in
a single view on the parking situation in a given area.

In PhonePark smart phone sensors are used to detect the status of a driver’s vehicle.
Furthermore, the SFM provides a useful way to deal with the penetration of a crowd-
sourced application as well as the error rates. Thus, this model can be used to predict
parking availabilities in a realistic environment. Unfortunately, it was not possible to test
and use the PhonePark application. Neither a web page about PhonePark could be found
nor the application itself. Thus, the results in terms of accuracy of the parking status
detection could not be verified.
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Chapter 3

Parking Availability Prediction
System

This chapter describes the proposed PAPS. A short overview introduces the main compo-
nents including the different information sources and processing components. Then the
functional and non-functional requirements of the PAPS are defined, followed by the de-
scription of the proposed prediction system. Finally, the design and the implementation
are characterized.

3.1 Overview

The developed PAPS consists of seven main components: (1) Real-time controlling data,
(2) real-time parking data, (3) historic data, (4) parking space location data, (5) the
prediction system for a given parking area, (6) the estimated predictions and (7) the
feedback module considering real-time data. These components and their connections are
illustrated in Figure 3.1. Data from the information sources (1),(2),(3) and (4) are fed
into the prediction system (5) which outputs the estimated predictions for a parking area
(6). Furthermore, the feedback module (7) considers the real-time information sources
(1) and (2) to regulate and improve the prediction system (5).

This thesis shows the valuable input of real-time information sources to PAPSs. Real-
time controlling data is gathered through PIs. It provides (a) parking space occupancy
information and (b) parking area availability information. A parking space is known to
be occupied, once the vehicle on that parking space is controlled by a PI at a given time
t. The moment the parking spaces of a Parking Area (PA) X get controlled at time t, the
current availability of X can be calculated by subtracting the number of occupied parking
spaces from the capacity of X (cf. Equation 3.1).

Real-time parking data is gathered through the users of the parkITsmart parking system.
The parking system consists of two components: (1) the end-user application where the
parking state can be shared through manual input and (2) the Specific Activity Monitoring

19
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Figure 3.1: Overview Parking Availability Prediction System

System (SAMS) [19] which uses iBeacons and the user’s mobile device to automatically
share the parking state. This information sources are integrated into the PAPS.

AvailabilityPA X(t) = CapacityPA X −Number Occupied SpacesPA X(t)

(3.1)

To calculate the current availability as shown in Equation 3.1, information about existing
parking spaces has to be known. The most important information is the GPS location
of the parking spaces. However, more detailed information like regulations or parking
meter affiliation can support parking availability predictions. Regulations can be helpful
to estimate the time a user releases a parking space. Parking meter affiliation information
can be used to facilitate the aggregation of parking spaces into parking areas.

An aggregation of single parking spaces into parking space areas simplifies the parking
availability prediction tasks, since the PAPS does not need to keep track of single parking
space states. Neighbouring parking spaces need to be aggregated into parking areas. A
parking area consists of parking spaces which are close to each other, which belong to the
same parking meter and/or to the same parking space type.

Historic data such as historic mean availability at a given daytime t and parking area
X and its standard deviation can be calculated by storing and processing the real-time
parking and controlling data. This data gives insights on parking area usage patterns and
can be incorporated in the PAPS. The prediction system for a parking area integrates
all the data gathered through controlling, parking events, historic statistics and parking
space locations and outputs predictions for the specific parking area. These predictions
include real-time availability predictions as well as future predictions (up to one hour
ahead).
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The chosen approach is unique compared to solutions discussed in Chapter 2, since mul-
tiple information sources are integrated into a single prediction system. It makes use of
the real-time information from application users and PIs. This data can be used as a
feedback module for the prediction system. The feedback module is focused on the real-
time controlling data. At controlling time t the real availability of the parking area X can
be calculated and thus, based on this new information source, the real-time and future
availability predictions of X can be adjusted. Additionally, single parking and release
parking events on that parking area X can be taken into account when estimating the
current and future availabilities.

3.2 Requirements

3.2.1 Functional Requirements

Real-Time Parking Availability Prediction At any given time, the prediction sys-
tem should be able to predict the current parking availability within a given parking space
area.

Future Parking Availability Prediction The prediction system should be able to
predict the future parking availability of a parking area. The time horizons of the predicted
availability are relatively short to maintain a high accuracy (e.g., 15, 30 and 60 minutes).

Visualization of Real-Time and Future Parking Availability Predictions In
a running system, the availability predictions have to conveniently be displayed to the
user on a map. This includes the indication of parking areas, their capacities as well as
their real-time availability predictions. Furthermore, it is possible to display the future
prediction on a higher level of aggregation.

3.2.2 Non-Functional Requirements

In [28] design principles of massive and robust prediction systems are described. Three
main design principles are identified. Firstly, a prediction system should be fail-safe
under reasonable deviations. This is important because the input data of a prediction
system can heavily vary in its quality. Thus, a prediction system should be able to deal
with such input quality variations. Secondly, a prediction system has to be designed
in a way that it is scalable and easily extensible. The system should be flexible. It
facilitates the addition of new models and data sources. Furthermore, it allows correcting
bad-performing models. Thirdly, once deployed, minimal human interventions should be
needed. Therefore, the system needs an autonomous quality control mechanism. External
factors like data distributions and noise have to be considered. Two tests to monitor the
quality of models are used: A t-test and a rank test. These tests are computed faster
than the traditional computation of a model performance. They indicate, whether a
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newly trained model performs significantly better than an old model. These insights
have been considered in the design and implementation of the PAPS. Thus, the following
non-functional requirements have been defined.

Accuracy and Precision The prediction system should be as accurate as possible.
This is the most important non-functional requirement since a prediction model should
be measured and evaluated based on the resulting accuracy. Three different performance
measures will be considered. The RMSE is used to show an overall performance of the
model and to make the different models comparable. The BAA [44] considers the most
common use case of drivers. The MPE indicates the normalized mean prediction deviation
from the real value.

Performance and Scalability The prediction system should be able to run on a com-
modity machine. While the updates on the statistics of the historic data can run in batch
jobs once a day, the development and selection of the on-line and real-time prediction
system should be done carefully with respect to possible performance and scalability con-
straints. Furthermore, the system should scale with increasing number of parking spaces
and users. Performance wise the handling of the map in the end-user application has to
be focused.

Usability The prediction model as well as the visualization in the end-user application
should run fluently, fast and convenient.

Extensibility It should be possible to add or remove prediction models to the PAPS.
Furthermore, new information sources should easily be integrated. Such information
sources could consist of parking spaces which provide availability information through
sensors. The PAPS should be adaptable to such changes.

3.3 Prediction System

This section introduces and formalizes the proposed PAPS. First, the assumptions are
clarified. Then, the SFM and its adaptation in the PAPS are presented in detail. The SFM
was originally introduced by [44]. Then, the usefulness of controlling input is described.
Additionally, the benefits of the PAPS with multiple prediction models are discussed,
followed by the design and the implementation.

3.3.1 Assumptions

In a world where every car driver uses the parking system, perfect parking availability
information can easily be extracted. Every parking space is available which is not occupied
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through a user of the parking system. However, a real-world scenario always contains
drivers which are not monitored. Thus, the SFM considers these aspects by introducing
a penetration ratio which incorporates the amount of drivers using a parking system.

The following preconditions are assumed:

1. The amount of parking spaces and their locations in a given parking space area are
known.

2. Parking spaces which are controlled together (e.g., parking spaces of one parking
meter) build a parking space area.

3. The penetration of the parking system is known or accurately estimated.

4. Users of the parking system are uniformly distributed across the non-system users.

Since the model calculates the availability based on the occupied parking spaces, the
amount of existing parking spaces (capacity) as well as their locations have to be known.
Furthermore, information from PIs is used to improve the prediction system. Thus, park-
ing spaces have to be grouped together according the controlling process of a PI. Finally,
the penetration of the parking system has to be known or estimated.

Estimation and Usage of the Penetration Ratio Since the PAPS can be adapted
in various cities, there should not exist a global penetration ratio. Rather, multiple ratios
for various regions have to be considered. This extension can make the prediction model
more flexible and more accurate in the respective regions. Using regional penetration
rates instead of a single global parameter also facilitates its estimation. An estimation
could be based on the amount of cars registered in the given region (e.g., the canton of
Zurich) compared to the cars of that region registered in the application. To define a ratio
for a certain area driving patterns should be considered. For instance, it is not feasible to
set a penetration ratio only for the users in a city centre since there usually park a lot of
cars coming from the city’s suburbs. Equation 3.2 shows the standard calculation of the
penetration rate without considering any driving patterns.

PenetrationRegion X =
Number Registered Cars ApplicationRegion X

Total Number Registered CarsRegion X

(3.2)

3.3.2 The Scaled Factor Model

In order to deal with the penetration of a crowd-sourced PAPS, the SFM [44] can be used.
A parking area consists of a known number of parking spaces denoted by N. The variable
p indicates the penetration of the parking system. It represents the percentage of drivers
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using the application to park respectively drivers which use the iBeacons to share their
parking state.

The system considers two error types: (1) false positives and (2) false negatives. The
false positive rate, fp, denotes the percentage of events detected by the automatic parking
state recognition system which did not happen or the percentage of wrong entered parking
or release parking events entered by users of the application. False negatives, fn, occur
when an actual parking or release parking event is not detected by the application or
the recognition system. It can be assumed that false negatives only occur in the SAMS.
Even if a user leaves a parking space without informing the application, there is always a
parking end time saved on the central server. However, once the parking time expires, it
is possible that a car is still parked or already gone. Thus, the saved parking end time is
an estimation of the leaving time.

The SFM operates as follows: In the beginning, the number of available parking spaces
is set to the total number of parking spaces N of a given parking area. Thus, the parking
availability is equal to the capacity. For every incoming parking event from the parking
system, (1−fp)

(p∗(1−fn))
parking spaces are subtracted from the estimated availability a until it

reaches zero. Accordingly, every incoming release parking event adds (1−fp)
(p∗(1−fn))

parking
spaces to the current availability until it equals N. The false negative rate increases the
scaled factor, since fn percent of the events where missed or not detected. The false
positive rate decreases the scaled factor, since fp percent of the detected events did not
actually happen. Different multipliers have to be considered depending on the origin of
the incoming event, because the false negative and the false positive rates differ between
the application and the recognition system.

This model basically considers the penetration of an application and the automatic park-
ing state recognition system to introduce a multiplier for every parking related event.
Additionally, it respects the false positive and false negative errors to improve its accu-
racy. Table 3.1 summarizes the variables used in the SFM.

Example 10% of the incoming events did not actually happen, 15% of the events are
not detected and the penetration is 20%.

Thus, the scaled factor is:
(1− fp)

(p ∗ (1− fn))
= (1−0.1)

(0.2∗(1−0.15))
= 5.29

The factor is higher than five because the false negative rate is higher than the false
positive rate and thus the denominator is smaller. The larger number of events that are
not detected are thus considered. This model is more accurate the higher the penetration
and the lower the false positive and false negative rates.

3.3.3 Controlling Input

PIs have the task to regularly control whether drivers parked legally. Using a mobile
application and a server back-end, it is easy to generate real-time occupancy data during
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Table 3.1: Variables of the Scaled Factor Model

Variable Description

N The number of parking spaces of a parking space area, capacity

a The estimated parking availability

A The real parking availability

p The penetration of the parking system (percentage of drivers using the
application or the SAMS)

fn The false negative rate: parking or release parking events not detected
by the application or the SAMS

fp The false positive rate: events detected that did not happen

(1− fp)

(p ∗ (1− fn))
The Scaled Factor: the amount added to or subtracted from the esti-
mated availability if a parking or release parking event occurs.

the controlling process. Once a car is checked, this information is sent to the server and
its parking space is marked as occupied. This information is a side effect of the controlling
process. So far, no other known work has considered this information source from PIs
to improve parking availability prediction. The basic SFM as discussed before does not
incorporate the valuable data input from PIs.

It is assumed that a PI controls parked cars of a given parking area together. Additionally,
the control of all these parking spaces should take a relatively short amount of time (i.e.,
some minutes) such that the controlling of a whole parking area can be recognised by the
PAPS. Alternatively, the PI can manually inform the PAPS that a parking area has been
controlled. If a parked car gets checked by the PI, the system knows that the parking
space is occupied at this point of time. Thus, once the parking inspector has controlled
an entire parking space area, the current real availability A of that parking area can be
inferred (cf. Equation 3.1). This real availability A can then be used to update the current
prediction state of the SFM. As shown in [44], the SFM may not be very accurate when
a low penetration rate is combined with small parking areas. The problem with on-street
parking areas is their limited size. For instance, if a parking meter area only consists of
five parking spaces and the parking system’s penetration is 20%, every parking or release
parking event sets the availability to 0% respectively 100%. A second parking or release
parking event can then not be considered by the model. Thus, the use case of the SFM
is limited. Other prediction techniques may generate better results. Unfortunately, it
is not possible to update the current prediction state in every prediction model. Yet,
the predictions of the SFM can be used as an estimation of the real availability A and
integrated into different time series prediction models.



26 CHAPTER 3. PARKING AVAILABILITY PREDICTION SYSTEM

3.3.4 Benefits of Multiple Prediction Models

The SFM has some limitations and disadvantages. It provides time series of the estimated
parking area availability using real-time information from users of the parking system and
PIs. However, it is not possible to predict future availabilities, since SFM is dependent
on real-time information. Additionally, its performance is highly dependent on the pene-
tration ratio [44]. Thus, multiple prediction models can concurrently be used to process
the stream of availability predictions produced by the SFM to estimate (1) the real-time
availability and (2) short- and midterm future availabilities.

A stand-alone SFM may not be the best solution to predict real-time parking availability.
Historic data can be considered to overcome these limitations. The HMAM can be com-
bined with the SFM and input from PIs to create a more accurate parking availability
prediction model. The combination of the HMAM and the SFM is straight forward. How-
ever, an incorporation of the controlling input is difficult. At controlling time t, the real
availability is known and the SFM can be updated, but the combination with the HMAM
will not be equal to the real availability. Thus, the model’s accuracy is not optimal.

One solution to deal with such issues is to run multiple prediction models and their
combinations concurrently. E.g., one could run a weighted average of the HMAM and the
SFM with different weights. Once a PI controls a parking space area, the model closest
to the real availability is selected. This model’s predictions can then be utilized until the
next control, where the next best performing model will be evaluated. In addition to the
HMAM, several other time-series prediction techniques can be applied.

A system, which runs multiple models concurrently, benefits from the fact that every
parking space area can have its own parking utilization patterns with different parking
utilization properties. Thus, it is essential to use various models which are able to handle
different parking utilizations. Consider a parking meter next to a company which has
similar parking utilization patterns every day. The employees come to work in the morning
and leave in the evening. A model like the HMAM can already be a good predictor for the
parking availability of that parking area. Contrary, more advanced prediction models (like
REP Trees, cf. Appendix B), may be able to detect and adapt to irregularities caused by
events which attract many people.

Since parking areas may have various parking patterns, it is suggested that multiple
prediction models run concurrently for every parking area. The real-time input from
PIs makes it possible to evaluate the most accurate model at runtime. Combinations of
different models can also be considered. The goal is to reach a high accuracy by using
multiple models. Thus, not much effort is needed in the tuning of single models. However,
prediction models with different basic assumptions can be considered. The implemented
Dynamic Model Choosing System (DMCS) makes use of function based algorithms (like
Linear Regression), rule based algorithms (like Decision Tables) or tree based algorithms
(like Random Forests). The DMCS is discussed in detail in the next section.

There exists a trade-off between the number of running prediction models and the needed
resources to run the PAPS. The chosen amount of models run concurrently for every
parking space area (note that there can exist a lot of parking areas in a city). However,
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once the models are trained, they do not consume as many resources and their predictions
can be done on-line and almost in real-time (e.g., in five minute intervals). Nevertheless,
they have to be retrained sometimes to adjust to new data. Thus, such retraining should
be done when the workload is low (e.g., in the nights). The monitoring tests described
in [28] can be used to make sure new models significantly improve their performance.

3.4 Design and Implementation

The parkITsmart back-end server runs on Java Servlets [16]. To facilitate a future inte-
gration of the PAPS, it is also implemented in Java. The SFM and the HMAM are fully
implemented. To take advantage of more advanced prediction models, the data mining
and machine learning collection Weka [39] is used. Weka is an open source software under
the GNU General Public License. It introduced a dedicated time series analysis module
with the release of the version 3.7.3 [42]. Additionally, its functions are accessible through
a Java API [41]. This time series analysis module provides several algorithms for time
series prediction using different classifiers. Descriptions of the used algorithms can be
found in Appendix B. It is possible to include the predictions of the SFM into the time
series prediction models at runtime. Using the SFM as an input source, the Weka models
are able to predict (1) the current availability and (2) future availabilities.

The DMCS incorporates the real-time information from parking system users and PIs.
Once new data gets available, it evaluates the currently most accurate model or model
combination (focus on combinations of at most two models). The DMCS steps of a parking
area is summarized below:

1. Initialization and training of the models

HMAM using available historic availability data

SFM by setting the penetration ratio, false positive and false negative rates

Weka Models using historic availability data

2. Update the SFM on every incoming parking or release parking event.

3. Update the HMAM, set the current prediction at time t to the historic mean at
time t.

4. Update the Weka Models by using the estimated availability of the SFM as new
data.

5. Combine all the models by taking the average predicted availability per model in
the combination.

6. Evaluate the most accurate models and their combinations once the parking area
gets controlled.

Select the model with the closest prediction to the real availability. Its predic-
tions will be used until the next controlling cycle.



28 CHAPTER 3. PARKING AVAILABILITY PREDICTION SYSTEM

The SFM can only predict real-time availability using real-time data. Thus, in case it
is the most accurate model at controlling time, the future predictions are set to the
current estimated availability. Besides the dynamic on-line behaviour, a scoring system
is introduced which can be helpful to identify dominating prediction models of a given
parking area in the long run. It may be the case that some models are always the most
accurate ones for a parking area. Thus, to save resources, it is reasonable to discard bad
performing prediction models. The scoring system increases the score of each model by
five/three/one points in case it is the most/second most/third most accurate model.

First tests with the DMCS reveal that the most accurate model or model combination
change for a given parking area at different points of time. However, there are a lot of
model combinations or single models which do not get any scoring points. These can be
discarded in the future. Model combinations seem to dominate the score system. Thus,
the DMCS shows that (1) it is reasonable to use multiple models to predict the parking
availability of a parking area, (2) the DMCS can efficiently incorporate real-time data
from end-users and PIs, (3) combinations of multiple models can be used to increase the
accuracy. These results have to be treated with caution, since only small test cases on
real-world data of a single parking area were conducted. More extensive evaluations of
the DMCS are open for future work.

The DMCS incorporates many benefits and can dynamically predict real-time and future
availabilities for parking areas. Nevertheless, there are several restrictions. It is a proof of
concept and not actually integrated in the parkITsmart environment. Thus, it works with
parking event data read from files and is not connected to the PMMS’s database. However,
it shows the usefulness and the potential of the proposed design and implementation. The
models of the DMCS are trained once. To be able to adapt to new data, a running system
would need a mechanism to retrain models. This feature is not yet implemented. However,
suggestions for quality monitoring mechanisms are available in [28].

Weka models and the HMAM need to have historic parking availability data. To get
started, such data could be gathered from parking sensor networks or parking meters
and then adjusted over the time. If such data is not available, car park data could be
taken as an estimator for close-by on-street parking areas. The DMCS relies on regular
controlling information from PIs. It is reasonable to assume that this information source
may not always be accessible. To overcome this lack of information, personal devices
of controllers or drivers could be used to check the occupancy of an area on-the-fly by
scanning the available iBeacons and using the penetration rate as an estimation of the
occupancy. Furthermore, it can happen that all parking spaces of a parking area are
occupied by parking system users. At that point of time the real availability (which is
equal to zero) is known. Other solutions to this problem are open for future work.
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Simulation Environment

The simulation environment models all relevant components of the PAPS realistically. It
takes as input parking events from a parking area, processes them and outputs perfor-
mance measures for real-time and future parking availability predictions. Additionally, it
integrates some controlling input which is used as a feedback module. The functional and
non-functional requirements are discussed in the next section. Furthermore, assumptions
and parameters are introduced, followed by the performance measures and the design and
implementation.

4.1 Requirements

The requirements are focused on the simulation of a realistic use case in the environment
of the PMMS. The functional and non-functional requirements are discussed below.

4.1.1 Functional Requirements

The main goal of the simulation is to model a realistic use case. It should simulate parking
and release parking events gathered through the parking system. This is done using
complete availability data of parking areas in combination with the SFM. Considering a
penetration of 20%, only 20% of all parking events of a parking area availability dataset
are processed by the SFM. Thus, it is of high importance that the events fed into the
simulation environment do not consist of all parking events of that parking area. This
makes the simulation more realistic. In a real-world use case of the PMMS, it cannot be
assumed that every driver is monitored by the parking system.

Furthermore, the simulation should be able to evaluate real-time and future predictions.
Additionally, it is able to use multiple performance measures for the evaluation.
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4.1.2 Non-Functional Requirements

The performance measures and the used prediction models is easily extensible. Predictions
models can be added or removed and parameters can easily be customized or changed.
Additionally, the simulation environment is not dependent on one input dataset but can
deal with changing input data. Furthermore, performance measures can be adjusted or
added. Finally, simulation should run on a commodity machine and scale with the amount
of parking events in the availability data set.

4.2 Assumptions and Parameters

The following two tables describe the adjustable parameters with a static value per simu-
lation (cf. Table 4.1) and adjustable parameters with dynamic values per simulation (cf.
Table 4.2).

The false positive and false negative rates are considered to be static, since usually one
is interested in the performance of a particular system. Such a system would have a
constant false positive and false negative rate. Controlling start and controlling end times
are introduced to make the simulation more realistic, since in real-life it is likely not
possible that the controlling process takes place continuously. Thus, it is possible to set
the controlling times to certain work days or to adjust them to the opening hours of a
parking area. With the controlling confidence, it is possible to introduce an uncertain
factor to the controlling input source. This can be useful to see how a prediction system
reacts and adjusts to such input. Finally, different parking availability datasets of parking
areas can be applied to the simulation environment and the size of the training and testing
data can be adjusted. All these parameters are static for a single run of the simulation.
Nevertheless, they can be adjusted from simulation to simulation. Hence, it is possible to
conduct the impact of changes of these parameters within the simulation environment.

Table 4.2 presents the adjustable parameters with dynamic values. The simulation is able
to conduct the impact of different penetration rates, multiple controlling periods and also
various predicting horizons. It is possible to change one parameter to check its impact
on the result while not changing the other two. Furthermore, multiple parameters can be
changed simultaneously to show (1) how they influence each other, (2) how they affect
the performance measures and (3) to determine their importance to the PAPS.
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Table 4.1: Adjustable Parameters with Static Value

Parameter Description

False Negative Rate Percentage of parking and release parking events which were
not detected

False Positive Rate Percentage of parking and release parking events which did
not actually happen

Controlling Start Starting time of PIs (e.g., 08:00)

Controlling End Ending time of PIs (e.g., 18:00)

Controlling Confidence A variable between 0 and 1. It indicates the confidence of
controlling. For instance, if it is set to 0.8 and parking areas
are meant to be controlled every hour, the chance of an actual
control every hour is 80%.

Dataset Parking area availability dataset containing time, availability,
parking and release parking events of a parking area

Training Data Amount of data used to train the models

Testing Data Amount of data used to evaluate the models

Table 4.2: Adjustable Parameters with Dynamic Values

Parameter Description

Penetration Rates It is possible to simulate and compare the results of mul-
tiple penetration rates (e.g., 0.05, 0.3, 0.5 etc.).

Controlling Periods To show the impact of controlling input, multiple control-
ling periods can be defined (e.g., every hour, every two
hours etc.).

Prediction Time Horizons The time horizons of future predictions are adjustable (e.g.,
15 minutes, 30 minutes etc.).
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4.3 Performance Measures

Three different performance measures are considered. They are used to evaluate the
performance of prediction models. The RMSE and the MPE are very popular and allow
to compare the performance of different models. While the RMSE is evaluation specific,
the MPE can be used to compare the performance of different evaluations. The BAA
is interesting from the perspective of drivers and can be used to evaluate their parking
demands.

Root Mean Squared Error The RMSE is a widely used performance measure to
compare the accuracy of prediction models. E.g., in [4] [44] the RMSE is used to evaluate
prediction models. The RMSE is calculated as shown in Equation 4.1 where N is equal
to the number of predictions.

RMSE =

√∑
(Predicted−Real)2

N
(4.1)

Example: The SFM predicts three consecutive availabilities of a parking area. At time
one, two and three the availabilities 8, 10 and 12 are predicted. The real availabilities
have been measured to be 4, 10 and 9. The number of predictions, N is three. The RMSE
is calculated as follows:

RMSE =

√
(8− 4)2 + (10− 10)2 + (12− 9)2

3
= 2.887

The RMSE calculates the mean deviation from the real value. Large deviations from the
real value are punished, since the difference between the real and the predicted value are
squared. The mean error in this example is 2.333 (7/3). The RMSE is larger because of
the relatively large errors at times one and three.

Boolean Availability Accuracy The BAA is introduced in [44]. A prediction is
correct if it predicts at least one available parking space and there is indeed one, or it
predicts no availability and there is indeed no parking space available. The BAA is then
calculated by taking the division of the correct cases over the sum of correct and incorrect
predictions (cf. Equation 4.2).

BAA =
Correct Predictions >=1 available + Correct Predictions 0 available

Total Predictions

(4.2)

Example: The SFM predicts five availabilities of a parking area. The predicted avail-
abilities are 5, 3, 0, 2, 4 and the corresponding measured real values 4, 3, 0, 0, 2. The
first, second and fifth predictions are correct in terms of the BAA, because at least one
parking space has been correctly predicted to be available. The third prediction is correct,
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since it correctly predicted that the parking area is fully occupied. The fourth prediction
is incorrect. Two parking spaces were predicted to be available but the parking area is
occupied. Thus, the BAA is calculated as follows:

BAA =
3 + 1

5
= 0.8

A BAA of 0.8 indicates that the prediction model correctly predicts an available parking
space in 80% of the time.

Mean Prediction Error The MPE is a performance measure which indicates the mean
deviation of predictions from the real values, normalized with the capacity of the parking
area. It is calculated as shown in Equation 4.3.

MPE =

∑ |Predicted−Real|
Capacity

Number of Predictions
(4.3)

Example: The capacity of a parking area is 10 and the SFM predicts three parking
availabilities. The first, second and third predictions are 9, 10, 7 and their measured real
values 7, 8, 9. The MPE is calculated as follows:

MPE =

|9− 7|+ |10− 8|+ |7− 9|
10
3

= 0.2

A MPE of 0.2 means that the prediction deviates on average 20% from the real availability
of the parking area. In this example the capacity of the parking area is 10. Thus, 20%
deviation is equal to 2 parking spaces.

4.4 Design and Implementation

The simulation environment is implemented in Java. Similar to the DMCS, it uses the
Weka Java API for time series prediction [41]. Weka algorithms can be added or removed
if needed, the SFM and the HMAM are fully implemented and multiple parameters (such
as penetration rates, controlling periods etc.), can easily be adjusted.

After the definition of the parameters, the simulation environment behaves as follows:

1. Writers are instantiated, which save the results of the different forecasting horizons
(real-time and future predictions) to different files. Additionally, all the used vari-
ables (such as the false positive rate, the false negative rate, the controlling start
and end time etc.) are stored to the file. This makes sure that the used simulation
instance can later be reproduced.
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2. Using the defined dataset of a parking area, SFMs are generated for every defined
penetration ratio and controlling period.

3. Every created SFM is used as the input to the Weka time series prediction algo-
rithms. These algorithms produce real-time and future predictions.

4. The HMAM is calculated and added to each forecasting horizon.

5. The models are evaluated using the defined performance measures and the results
are written to the different files.

The availability dataset of a parking area consists of the attributes time, availability,
parking and release parking events and the capacity. The writers first output the used
static parameters, followed by the dynamic parameters and results such as model name,
penetration, control periodicity, BAA, RMSE and MPE.

It is important to notice that the availability in the evaluated dataset is the real avail-
ability. However, the Weka models are fed with the estimated availabilities based on the
SFMs. It is reasonable that this may lead to less accuracy since estimated availabilities
are included into the models while the resulting availability predictions are compared to
the real availability in the dataset. This fundamental decision makes the simulation more
realistic.



Chapter 5

Evaluation

This chapter covers the evaluation of the PAPS. The simulation environment (cf. Chap-
ter 4) is used to evaluate multiple on-street parking datasets from parking meters located
in Copenhagen [5]. The next section describes the datasets and the underlying assump-
tions. Then, the data processing step is discussed, followed by the description of the used
simulation parameters and the evaluated prediction models. Four different parameters
are focused. These include the controlling information source, the penetration ratio, the
amount of data used to train and test the models and the parking area capacity. The
evaluations always consider real-time estimations as well as future predictions. This chap-
ter covers the evaluation and presents the evaluation results. However, the interpretation
of the results will be presented in the discussion chapter (cf. Chapter 6). Since the three
evaluated parking areas yield similar results, this chapter only describes the results of the
parking area with medium capacity. The results of the parking areas with small and large
capacity are included in the Appendix A.

5.1 Dataset

The evaluation dataset consists parking meter transactions of the city of Copenhagen. A
website is managed by city authorities of Copenhagen which provides different datasets [5].
Two parking related datasets are utilized in the evaluation: A parking meter dataset [6]
and datasets including transaction of parking meters [8]. The parking meters dataset
contains the parking meter identification, its GPS coordinates, the parking type, address
and operational timestamps. It includes over 1’600 parking meters which are distributed
all over the city of Copenhagen (cf. Figure 5.1). The evaluation considers the parking
transaction dataset from the year 2014. Out of the 1’600 parking meters, 1’465 processed
at least one parking transaction in 2014. The parking meter transactions cover information
about the parking meter identification, the paying time and the parking expiration time.
Complete parking transactions from the years 2010 to 2014 are available. Furthermore, the
transactions of the current year are updated regularly. The complete parking transaction
dataset from the year 2014 contains roughly 8’000’000 parking transactions.
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Figure 5.1: Snippet of the Parking Meter Density in Copenhagen1

Through the parking meter identification, it is possible to map a parking transaction to
the corresponding parking meter. In 2014, the amount of parking transactions per parking
meter reached from a maximum of 33’000 to a minimum of 2 with an average of 5’488.
For further processing, the parking meter dataset and the parking transaction dataset are
stored in a MySQL database [22].

5.2 Assumptions

The city of Copenhagen does not have a fixed number of parking spaces assigned to a
parking meter. Drivers have to get a ticket at a parking meter. Then, the ticket has to be
placed behind the car’s windscreen. This ticket can be purchased at any parking meter.
This flexibility may be appreciated by drivers but it complicates the calculation of the
parking meter capacity.

The parking meter capacity is estimated as follows: Firstly, the evaluation only considers
parking meters which are clearly separated from others. Additionally, it is possible to
combine the transactions of close by parking meters to generate a parking space area.
Secondly, the capacity is estimated using the maximum occupancy of a parking meter
or the maximum occupancy of combined parking meters throughout the considered year
2014.

The parking transaction datasets do not contain the actual time a driver releases a parking
space. Moreover, they include the paying time and the parking expiration time. Since
the actual parking leave time is not available, the parking expiration time is used as an
approximation for the leaving time.

In Copenhagen, it is also possible to use mobile payments for parking spaces. These
records are not included in the parking transaction datasets. Furthermore, it is possible
to buy a parking licence for the area of residence. These licences can be used as parking
tickets. Throughout the evaluation, these missing transactions are ignored. It is assumed

1Source: http://data.kk.dk/dataset/parkomater/resource/243914a3-5103-4dfe-b844-d61022703d23
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that drivers which use mobile payments and parking licences are uniformly distributed
across the parking meter users.

5.3 Data Selection and Processing

The simulation environment processes aggregated parking and release parking events.
Furthermore, the HMAM requires historic mean availabilities over time. Thus, the data
is processed as follows:

1. Selection of the parking meter using the GeoJSON representation of the parking
meters [7]: The transactions of multiple parking meters are combined to a parking
area if a single parking meter is not isolated. The selection also considers the amount
of total parking transactions, which is an indicator of the capacity (cf. Table 5.1).

2. Extraction of the transactions which belong to the selected parking meter(s) from
the database

3. Calculation of the occupancy and the amount of parking and release parking events
per five minute timeslot

4. Computation of the capacity (= Maximal Occupancy) and the availability
(= Capacity − Occupancy)

5. Summarizing the daily historic mean availability and its standard deviation

The result of these processing steps are two files per parking area. One file includes the
time, the parking meter identification, the average availability, the standard deviation and
the capacity. These statistics are aggregated for every five minute timeslot of a day (288
in total). The second file contains every parking related event. It also divides a day into
288 timeslots of five minutes. For every timeslot and day in 2014, the time, the parking
meter identification, the availability, the amount of parking events, the amount of release
parking events, the capacity and the occupancy are included.

The estimated capacity and the number of transactions of the selected parking areas can
be seen in Table 5.1. To show the impact of the parking area size and the amount of
parking transactions, the capacities range from a maximum of 93 to a minimum of 18.
The parking area capacities are classified as follows: the capacity of 93 is considered to
be large, the capacity of 29 medium and the capacity of 18 small.



38 CHAPTER 5. EVALUATION

Table 5.1: Parking Meters Selected for the Evaluation

ID Estimated Capacity Classification Total Transactions

1286 93 Large 31’251

2147,2148 29 Medium 15’139

4347 18 Small 6’668

5.4 Evaluation Set-Ups

This section describes the defined static and dynamic parameters, the evaluated prediction
models and the infrastructure used for the evaluation.

5.4.1 Simulation Parameters

Multiple parameters of the simulation environment can be evaluated. To keep track of
the influence of the most important parameters, some values are considered to be static.
Table 5.2 gives an overview on the static parameters and their values.

False negatives are assumed to only occur in the automatic parking state recognition
system. Due to GPS errors, signal sending or battery problems of an iBeacon, false
negatives are estimated to appear in 10% of the parking related events. The false positive
rate estimated based on a real-world experiment where the iBeacon approach was used to
report parking and release parking events. In one out of six parking procedures, a false
positive occurred [19]. Thus, the false positive rate is estimated to be 17%. A controlling
day of a PI is considered to start at 08:00 am and to end at 06:00 pm. The confidence
of controlling is set to 100%. Thus, a parking area is entirely checked at every supposed
controlling time.

Similar to [4] [13] [17], the datasets are split into training and testing datasets. Three
months were chosen to be in the main evaluation from the transactions of the year 2014.
April and May 2014 are used to train the models and June 2014 to test and evaluate
the performance measures. To investigate the impact of the amount of data, the same
simulations are conducted using six months of the transaction dataset. The prediction
horizons are set to be 15, 30 and 60 minutes. Additionally, the real-time prediction is
considered.

Table 5.3 presents the dynamic parameter values. The penetration rate is chosen to be
between 5% and 80%. Depending on the time interval of the CAF, a parking area gets
checked from zero to 10 times per day. It is assumed, that the first CAF always happens at
the beginning of the shift, at 08:00 am. Observations have shown that PIs usually control
vehicles in the early morning, to check the ones which parked illegally over night. The
following CAFs happen depending on the assumed time interval between two consecutive
CAFs and the controlling end time.
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Table 5.2: Static Parameter Values

Parameter Static Value

False Negative Rate 10%

False Positive Rate 17%

Controlling Start Time 08:00 am

Controlling End Time 06:00 pm

Controlling Confidence 100%

Training Data 2/3 of the dataset

Testing Data 1/3 of the dataset

Prediction Time Horizons 15, 30 and 60 minutes

Table 5.3: Dynamic Parameter Values

Parameter Values

Penetration Rates 5%, 10%, 30%, 50%, 70%, 80%

Controlling Periods never (no CAF), every hour (CAF 1), every two hours (CAF 2),
every four hours (CAF 4), every six hours(CAF 6)

5.4.2 Prediction Models

Besides the SFM and the HMAM, the following time series prediction models, supported
by Weka [39], are evaluated (cf. Appendix B for more information):

Additive Regression, Bagging, Cross-Validated Parameter Selection, Decision Stump, De-
cision Table, Input Mapped Classifier, Linear Regression, M5P, M5 Rules, Multi Scheme,
Random Forest, Random Tree, REP Tree, Stacking and ZeroR.

5.4.3 Simulation Infrastructure

The simulations were conducted on a commodity machine with 16 GB RAM and an
Intel(R) Core(TM) i7-4500U processor. The Java Heap Space was set to 8 GB of the
available RAM. The visualisation was done using the statistical computing collection
R [27].
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5.5 Parking Area with Medium Capacity

The transactions of the two parking meters with the ids 2147 and 2148 are combined to
get a parking area with a medium capacity of 29. The training months April and May
include 1’475 parking transactions while the testing month June contains 377 parking
transactions. Every of these parking transactions includes two events : the parking event
and the release parking event.

5.5.1 Real-Time Predictions

Evaluation of the Penetration Ratio

Figure 5.2 shows the development of the RMSE respectively the MPE with various pen-
etration ratios on the SFM. The SFM tends to be more accurate with larger penetration
rates. The RMSE and the MPE go slightly up at the penetration ratio of 0.8, since the
generated parking and leave parking events are generated with a random factor. A park-
ing event in the original dataset is chosen to be used in the SFM with a probability equal
to the penetration ratio. Thus, the accuracy in terms of RMSE and MPE can vary (even
if high penetration ratios are used). Figure 5.3 shows the RMSE and MPE distributions
of all prediction models at different penetration ratios where no CAF was used. Points
indicate outliers, the small horizontal lines on top and the bottom the maximum and
the minimum value except the outliers, the top and the bottom of the boxes the upper
respectively the lower quartiles and the horizontal line within the box shows the median.
The box-plots do not vary a lot until a critical penetration ratio of 0.7. High prediction
accuracies in terms of RMSE or MPE can achieved through high penetration ratio levels.
However, penetration ratio levels above 0.8 are not very realistic.

Figure 5.4 shows the top ten prediction models at different penetration ratios without
CAF. The HMAM dominates until a penetration rate of 0.7 is reached. Other prediction
models often change their predictive accuracy in terms of RMSE. This indicates that the
accuracy of a specific prediction model highly depends on the used parameters in simula-
tion and the dataset itself. Table 5.4 summarizes some statistics of the prediction models
at different penetration ratios. The minimum RMSE is dominated by the HMAM with
the lowest value of 5.017. The SFM is able to outperform the HMAM at the penetration
ratio of 0.7. The maximum RMSE at a penetration ratio of 0.05 of over 1’000 indicates
that some models are not suited for situations with very rare real-time information. For
instance, the M5P model reaches the maximum RMSE of 1’798 at the penetration ratio
of 0.05.
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Table 5.4: Medium Parking Area: Minimum, Maximum and Median RMSE per Penetra-
tion Ratio without CAF

Penetration Ratio Minimum RMSE Maximum RMSE Median RMSE

0.05 5.017 1’798.313 10.192

0.1 5.017 123.320 10.222

0.3 5.017 12.609 11.601

0.5 5.017 13.971 11.247

0.7 3.209 7.812 7.164

0.8 5.017 10.688 9.996
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Figure 5.2: Medium Parking Area: RMSE and MPE of the SFM with Varying Penetration
Ratios and no CAF
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Figure 5.3: Medium Parking Area: Box-plots RMSE and MPE of All Prediction Models
with Varying Penetration Ratios and no CAF
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Figure 5.4: Medium Parking Area: Top Ten Prediction Models per Penetration Ratio

Evaluation of the Controlling Information Source

The SFM is presented at different penetration ratios and CAF time intervals in Figure 5.5.
It is illustrated that the BAA increases fast with growing penetration ratios. Furthermore,
a CAF every six hours already helps to achieve a BAA of over 0.9 at a low penetration
ratio of 0.05. The RMSE shrinks with larger penetration ratios. The evaluation revealed
that even a relatively rare CAF every six hours is able to significantly improve the RMSE.
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Additionally, it is noticeable that shorter CAF time intervals are beneficial for the model
performance.

Table 5.5 shows the different RMSE at every penetration ratio and with CAF time in-
tervals. The large difference between the RMSE without CAF and the RMSE with CAF
every six hours is remarkable. Furthermore, in most cases the RMSE shrinks with more
available CAF. At a penetration ratio of 0.5 a low RMSE of 2.0 can be achieved.

Table 5.5: Medium Parking Area: RMSE of the SFM per Penetration Ratio and CAFs

``````````````̀Measure
Penetration

0.05 0.1 0.3 0.5 0.7 0.8

RMSE - No CAF 15.1 11.6 11.6 6.6 3.2 7.1

RMSE - CAF 6 10.3 7.3 5.7 3.4 2.6 2.2

RMSE - CAF 4 8.4 8.0 4.7 3.5 2.2 1.6

RMSE - CAF 2 9.4 6.1 4.4 2.7 2.3 1.3

RMSE - CAF 1 6.1 4.7 3.1 2.0 1.7 1.7
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Figure 5.5: Medium Parking Area: BAA and RMSE of the SFM with Varying Penetration
Ratios and CAFs

The top results are shown in Table 5.6. A maximum BAA of 1.0 can be reached without
any CAF. Furthermore, the SFM scores a minimum MPE of 0.03 and a minimum RMSE
of 1.3 at the penetration ratio of 0.8 with a CAF every two hours.
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Table 5.6: Medium Parking Area: Minimum RMSE, MPE and Maximum BAA

Controlling Input Minimum RMSE Minimum MPE Maximum BAA

No CAF 3.2 0.09 1.0

CAF 6 2.1 0.05 1.0

CAF 4 1.6 0.04 1.0

CAF 2 1.3 0.03 1.0

CAF 1 1.6 0.03 1.0
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Table 5.7: Medium Parking Area: Comparison of the Results with Three Respectively
Six Months of Data

Measure Parameter Three Months Six Months Rel. Difference

Min RMSE No CAF 3.2 3.9 -

Median RMSE No CAF 9.8 10.3 -

Min MPE No CAF 0.09 0.11 -

Max BAA No CAF 1.0 1.0 0

Min BAA No CAF 0.31 0.58 +

Min RMSE CAF 6 2.1 2.5 -

Median RMSE CAF 6 5.9 5.0 +

Min MPE CAF 6 0.05 0.06 -

Min RMSE CAF 2 1.3 1.5 -

Median RMSE CAF 2 5.4 4.6 +

Min MPE CAF 2 0.03 0.03 0

Min RMSE 0.1 Penetration 4.7 3.9 +

Median RMSE 0.1 Penetration 6.8 6.5 +

Min MPE 0.1 Penetration 0.09 0.12 -

Max BAA 0.1 Penetration 1.0 1.0 0

Min BAA 0.1 Penetration 0.82 0.75 -

Min RMSE 0.5 Penetration 2.0 2.2 -

Median RMSE 0.5 Penetration 4.9 4.6 +

Min MPE 0.5 Penetration 0.04 0.04

Min RMSE 0.8 Penetration 1.3 1.4 -

Median RMSE 0.8 Penetration 4.8 3.6 +

Min MPE 0.8 Penetration 0.03 0.03 0

Evaluation of the Amount of Data Used to Train and Test the Models

The three month dataset contains 1’475 training and 377 testing parking transactions.
These training and testing datasets are compared to a dataset including six months of
data. The months April to July are used to train the prediction models and contain a
total of 2’017 parking transactions. August and September are used as testing months
with 519 parking transactions.
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Table 5.7 shows some differences using multiple measures. Maximum, minimum and
median values are considered for cases with no CAF, medium CAF (every 6 hours) and
many CAFs (every 2 hours). Additionally, the penetration ratios 0.1, 0.5 and 0.8 are
considered. The median RMSE tends to be more accurate when six months of data are
used (five out of six times). Other patterns cannot be clearly identified.

5.5.2 Future Predictions

This subsection covers the evaluation of the future predictions. Tables 5.8, 5.9 and 5.10
present selected performance measures for 15, 30 and 60 minutes prediction horizons. The
HMAM is the most accurate prediction model when no CAF is available. With shorter
time intervals for CAFs, other models like REP Tree, M5P, Linear Regression of M5
Rules finally outperform the HMAM. Interestingly, the performance measure values do
not change significantly when the prediction time horizon changes.

Figure 5.6 shows the MPE of the REP Tree on a prediction time horizon of 15 minutes
with varying penetration ratios and CAFs. The MPE takes values between 0.13 and 0.3
at low penetration ratios. With higher penetration ratios the MPE drops below 0.1 for
every amount of CAF. The RMSE of the Linear Regression on a prediction time horizon
of 15 minutes behaves similarly.
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Figure 5.6: Medium Parking Area: MPE of the REP Tree and RMSE of the Linear
Regression on a Prediction Time Horizon of 15 Minutes with Varying Penetration Ratios
and CAFs
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Table 5.8: Medium Parking Area: Performance Measures 15 Minutes Prediction Horizon

Measure CAF Penetration Value Prediction Model

Min RMSE No CAF 0.1 5.017 HMAM

Min RMSE No CAF 0.5 5.017 HMAM

Min RMSE No CAF 0.8 5.017 HMAM

Min MPE No CAF 0.1 0.14 HMAM

Min MPE No CAF 0.5 0.14 HMAM

Min MPE No CAF 0.8 0.14 HMAM

Min RMSE CAF 6 0.1 5.017 HMAM

Min RMSE CAF 6 0.5 3.252 REP Tree

Min RMSE CAF 6 0.8 2.118 M5P, Linear Regression, M5 Rules

Min MPE CAF 6 0.1 0.14 HMAM

Min MPE CAF 6 0.5 0.08 REP Tree

Min MPE CAF 6 0.8 0.05 REP Tree

Min RMSE CAF 2 0.1 5.017 HMAM

Min RMSE CAF 2 0.5 2.877 Linear Regression

Min RMSE CAF 2 0.8 1.760 Linear Regression

Min MPE CAF 2 0.1 0.13 M5P, M5 Rules

Min MPE CAF 2 0.5 0.07 REP Tree

Min MPE CAF 2 0.8 0.04 M5P, M5 Rules, REP Tree
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Table 5.9: Medium Parking Area: Performance Measures 30 Minutes Prediction Horizon

Measure CAF Penetration Value Prediction Model

Min RMSE No CAF 0.1 5.017 HMAM

Min RMSE No CAF 0.5 5.017 HMAM

Min RMSE No CAF 0.8 5.017 HMAM

Min MPE No CAF 0.1 0.14 HMAM

Min MPE No CAF 0.5 0.14 HMAM

Min MPE No CAF 0.8 0.14 HMAM

Min RMSE CAF 6 0.1 5.017 HMAM

Min RMSE CAF 6 0.5 3.252 REP Tree

Min RMSE CAF 6 0.8 2.129 REP Tree

Min MPE CAF 6 0.1 0.14 HMAM

Min MPE CAF 6 0.5 0.08 REP Tree

Min MPE CAF 6 0.8 0.05 REP Tree

Min RMSE CAF 2 0.1 5.017 HMAM

Min RMSE CAF 2 0.5 2.933 REP Tree

Min RMSE CAF 2 0.8 1.831 REP Tree

Min MPE CAF 2 0.1 0.13 M5P, M5 Rules, Linear Regression

Min MPE CAF 2 0.5 0.07 REP Tree

Min MPE CAF 2 0.8 0.04 M5P, M5 Rules, REP Tree
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Table 5.10: Medium Parking Area: Performance Measures 60 Minutes Prediction Horizon

Measure CAF Penetration Value Prediction Model

Min RMSE No CAF 0.1 5.017 HMAM

Min RMSE No CAF 0.5 5.017 HMAM

Min RMSE No CAF 0.8 5.017 HMAM

Min MPE No CAF 0.1 0.14 HMAM

Min MPE No CAF 0.5 0.14 HMAM

Min MPE No CAF 0.8 0.14 HMAM

Min RMSE CAF 6 0.1 5.017 HMAM

Min RMSE CAF 6 0.5 3.222 REP Tree

Min RMSE CAF 6 0.8 2.122 REP Tree

Min MPE CAF 6 0.1 0.14 HMAM

Min MPE CAF 6 0.5 0.08 REP Tree

Min MPE CAF 6 0.8 0.05 REP Tree

Min RMSE CAF 2 0.1 5.017 HMAM

Min RMSE CAF 2 0.5 2.934 REP Tree

Min RMSE CAF 2 0.8 1.833 REP Tree

Min MPE CAF 2 0.1 0.12 M5P, M5 Rules

Min MPE CAF 2 0.5 0.07 REP Tree

Min MPE CAF 2 0.8 0.04 REP Tree



Chapter 6

Discussion

This chapter reflects the evaluation results. It focuses on the impact of the two real-time
information sources: the penetration ratio and the CAFs. Furthermore, the impact of the
parking area size is discussed, followed by a reflection about the amount of data used to
train and test the models and the limitations of the evaluation.

6.1 Impact of the Penetration Ratio

The evaluation results of the penetration ratio reveal a significant tendency: All three
performance measures are improved with growing penetration ratios. Without any CAF
and on low penetration ratios, the SFM is outperformed by the HMAM. Thus, the SFM
is not suitable for low penetration ratios and missing CAFs. However, the SFM and
other models like the Random Forest perform better than the HMAM at penetration
ratios above 50%. The SFM has to be considered as the most important model since its
estimations are used by the other prediction models. Thus, its accuracy is significant.
Table 6.1 shows the real-time prediction results of the SFM without any CAF. With
high penetration rates the RMSE can be reduced by a factor between 2.2 and 4.7. The
improvements in terms of the MPE lie between the factors 2.1 and 5.06 and the BAA is
able to grow between 1.2 and 2.8 times. These improvements show the significant impact
of a real-time information source gained through a high penetration in a crowd-sourced
approach.

Table 6.1: Real-time Prediction Results of the SFM without CAF

Parking Area Min/Max RMSE Min/Max MPE Min/Max BAA

Small 5.50 / 12.16 0.266 / 0.579 0.36 / 1.0

Medium 3.21 / 15.11 0.088 / 0.445 0.69 / 1.0

Large 8.98 / 42.32 0.085 / 0.387 0.83 / 1.0
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6.2 Impact of the Controlling Availability Feedback

The evaluation has shown the high impact of the CAFs on all three performance measures.
Table 6.2 shows the real-time average RMSE improvements of the SFM using different
CAFs. The most significant difference is between an SFM without any CAF and a SFM
with a CAF every six hours. A CAF every six hours indicates a controlling of a parking
area twice per day. This relatively low amount of controlling can already improve the
RMSE by an average factor of 2.81. The maximal improvement of almost a factor of 8 is
remarkable. The average improvement of a CAF every six hours and a CAF every hour is
1.45. Thus, on average a CAF every hour improves a lack of a CAF by a significant factor
of 4.1 (= 2.81 ∗ 1.45). The average RMSE improvement between a CAF every six hours
and a CAF every four hours is 1.09 and thus not very significant. Similarly, the average
improvement from a CAF every two hours to a CAF every hour is only a factor of 1.10.
Sometimes more CAF increased the RMSE. These worsening are indicated by factors
below 1.0. These results show the significant impact of CAFs on parking availability
prediction. A relatively low CAF every six hours can drastically improve the accuracy of
a parking availability prediction model in terms of the RMSE, the MPE and the BAA.

Table 6.2: Real-time RMSE Improvements of the SFM Using CAFs: X:Y indicates the
Relative Improvement of Y over X (e.g., the Average Improvement of the RMSE compar-
ing a CAF Every Six Hours with No CAF is a Factor of 2.81).

CAF Comparison Min RMSE Impr. Max RMSE Impr. Avg RMSE Impr.

No CAF : CAF 6 1.23 7.94 2.81

CAF 6 : CAF 4 0.74 1.38 1.09

CAF 6 : CAF 1 0.85 1.70 1.45

CAF 2 : CAF 1 0.76 1.54 1.10

6.3 Impact of the Parking Area Capacity

The evaluation revealed that the parking area capacity has an impact on every perfor-
mance measure. In Table 6.1 the ranges of the performance measures differ between the
parking areas. The RMSE range tends to be smaller on small parking areas. This is
reasonable since (1) the error can be larger on larger parking areas and (2) the RMSE
punishes large deviation from the real values. Contrary, the BAA tends to be closer to 1.0
on large parking areas, since the possibility of one parking space to be available tends to
be higher on larger parking areas. The MPE behaves similarly to the BAA. It is smaller
on large parking areas.

These insights can be concluded as follows: If the BAA or the MPE performance measures
should be optimized, parking spaces should be aggregated to large parking space areas.
This already affects the PAPS with relatively low penetration ratios. Contrary, the RMSE
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deviation range can be minimized using small parking areas. This RMSE minimization
comes at a cost of comparably large MPEs and small BAAs. It was not possible to identify
patterns of different parking area capacities using CAFs. CAFs tend to significantly
improve the performance measures without considering the parking area sizes.

6.4 The Amount of Data Used to Train and Test the

Models

The definition of the amount of data which should be used to train and evaluate a predic-
tion model is not straightforward. Thus, the selection of an appropriate amount of data
can be done by the evaluation of multiple datasets and comparing their performance. The
results do depend on the chosen performance measures. Thus, it has to be clear which
performance measures should be optimized.

The evaluation of the amount of data used to train and test the models revealed that
larger amount of data negatively influenced the selected performance measures on every
parking area. Two datasets containing three and six months of parking transaction data
were used on every parking area. Three months of parking transactions is shown to be
enough to train and evaluate the parking areas. However, the differences were usually not
significant and within a reasonable range (cf. Table 5.7 in Section 5.5).

6.5 Limitations

Using three different performance measures, the evaluation results have remarkably shown
the significant impact of the penetration rate and the CAF on crowd-sourced parking
availability prediction. However, the evaluation yields some restrictions which will be
now discussed. The three parking areas were selected based on their estimated capacity
and their separation from other parking areas. It is not clear how other datasets would
have performed. Nevertheless, the evaluation of the three parking areas yielded similar
results. The training and evaluation months were randomly determined. However, the
training and testing datasets do not overlap.

The HMAM often outperformed the SFM and the other prediction models, especially on
low penetration ratios. However, it has to be mentioned that the HMAM was trained
with the real parking availabilities. Contrary, the Weka prediction models were based
on the estimations of the SFM. Additionally, the HMAM considered the historic mean
availability of the entire 2014. This is also different compared to the other models which
specifically use training and testing datasets. Nevertheless, the HMAM could be used as
an appropriate predictor for model comparisons.

Even though the findings of the evaluation are reasonable, they are based on one real-
world dataset and depend on multiple assumptions such as the estimated capacity of
the parking meters and the leaving time which is assumed to be the parking expiration



54 CHAPTER 6. DISCUSSION

time. Thus, they may have to be validated in further evaluations. Although the global
generalisation on other datasets is questionable, it was not the aim of the thesis to reach
generalization. As the Chapter 7 with future recommendations will show, the applied
findings have to be validated in further evaluations.



Chapter 7

Summary, Conclusions and Future
Work

7.1 Summary

First, this thesis introduced the parking shortage problem, the associated cruising for
parking in urban areas and how it can be improved using parking availability prediction
techniques. These techniques were further divided into infrastructure-based and crowd-
sourced parking solutions. The crowd-sourced PAPS which incorporates multiple real-time
information sources was designed, implemented and evaluated. It includes (a) parking and
release parking events from users of the system and (b) CAFs from PIs.

The SFM incorporates the spread of a crowd-sourced parking solution using the penetra-
tion ratio. Furthermore, it respects a system’s failures by introducing false positive and
false negative rates. It is applicable for real-time parking availability prediction of parking
areas. Additionally, its predictions can be integrated into various time series prediction
models to estimate real-time and future parking availabilities. Multiple prediction models
and their combinations are utilized in the DMCS. This system is able to evaluate the best
performing prediction model dynamically. For that purpose, the estimated availability of
every model is compared to the real availability gathered through CAFs. Since the DMCS
considers multiple prediction models, it is able to deal with various parking utilization pat-
terns on different parking areas. Furthermore, a scoring system was implemented which
helps to identify the best and the worst prediction models in the long run. Thus, bad
performing prediction models can be discarded to save computing resources.

To evaluate the impact of the CAFs and the penetration ratio, a simulation environment
has been developed. It evaluates different prediction models using the three performance
measures RMSE, MPE and BAA. The simulation environment is able to evaluate multiple
prediction models on real-world parking availability datasets. This thesis used an on-street
parking availability dataset from Copenhagen. Several parameters such as the penetration
ratio, the amount of CAFs, false positive or false negative rates can be adjusted. The
conducted evaluation of 17 prediction models revealed the significant impact of real-time
information sources on crowd-sourced parking availability prediction.
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7.2 Conclusions

Throughout this thesis, the PAPS and a realistic simulation environment have been de-
signed and implemented. The experiments with the DMCS indicate that the best per-
forming model or model combination changes for a given parking area at different points
of time. However, the scoring system reveals that some models perform bad on certain
parking areas. Thus, they can be discarded in the future. Furthermore, the DMCS shows
that (1) it is reasonable to use multiple models to predict the parking availability of a
parking area, (2) it can efficiently incorporate real-time data from end-users and PIs, (3)
combinations of multiple models can be used to increase the model performances.

Penetration ratios between 5% and 80% were used to study their impact on the perfor-
mance measures. The evaluation results revealed that high penetration ratios reduce the
RMSE of the SFM by a factor between 2.2 and 4.7 and the MPE by a factor between 2.1
and 5.06. The BAA is able to enhance between 1.2 and 2.8 times with increasing penetra-
tion ratios. These improvements show the significant impact of a real-time information
source gained through a high penetration ratio in crowd-sourced parking availability pre-
diction. The simulation was further used to conduct the impact of different time intervals
between two CAFs. Five set-ups were tested with CAFs between zero and ten times per
day. It has been shown that a relatively low amount of CAF twice per day can already
improve the RMSE by an average factor of 2.81. Thus, the performance of the PAPS
highly depends on the penetration ratio and the CAF. A crowd-sourced PAPS with a low
penetration ratio needs more CAFs than a PAPS with a high penetration ratio to perform
similarly. Hence, more real-time CAFs can be used to compensate a low penetration of
a crowd-sourced approach and to reach a reasonable performance in terms of the RMSE,
the MPE or the BAA.

Multiple challenges have been faced. Firstly, it was difficult to find an appropriate solution
to integrate real-time information sources into the PAPS at runtime. This problem could
be solved by the SFM. It considers the amount of participants of a system as well as
the system’s errors and it is possible to update the state of the SFM at runtime. Thus,
the CAFs could also be incorporated. Secondly, the SFM is not able to predict future
availabilities. However, the estimations of the SFM can be integrated into other time
series prediction model, which are able to predict real-time and future availabilities. The
CAFs can be used to dynamically select the best performing prediction model. Thirdly,
it was challenging to find publicly accessible on-street parking availability data that could
be used in this work while making realistic assumptions. The parking availability datasets
provided by the city of Copenhagen seemed to be appropriate and could be integrated
into the DMCS and the simulation environment. Finally, it was demanding to properly
evaluate the simulation results, since many parameters affect the performance (such as
the penetration ratio, false positive and false negative rates, the prediction time horizons,
the CAF or the working hours of a PI). Therefore, the evaluation was focused on the
impact of the penetration ratio and the impact of the CAFs.
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7.3 Future Work

The DMCS and the simulation environment are fully implemented. However, the DMCS
was only tested using several small use cases. The DMCS works with parking availability
datasets read from files. To test it in the parkITsmart environment, it has to be adjusted
and integrated into the PMMS. A proof of concept in a real-world experiment on a se-
lected parking area is essential to validate this works findings. This thesis evaluated three
parking areas from the parking availability dataset provided by the city of Copenhagen.
To improve and validate the conclusions and interpretations of this thesis, further simu-
lations can be conducted and their results evaluated. It includes the evaluation of other
parking meters from the dataset of Copenhagen as well as different accessible parking
availability datasets (e.g., datasets from the car parks in Zurich). The evaluation focused
on the penetration ratio and the intervals between two consecutive CAFs. Other param-
eters like different false positive and negative rates, different daily routines of PIs etc. are
open for future assessments. Additionally, the scenario without the CAFs from PIs has
to be considered. The proposed PAPS uses multiple prediction models. In the future,
models may be developed which will be applicable on all or most parking areas. Such
progressions have to be examined. This thesis shows the impact of real-time informa-
tion sources on crowd-sourced parking availability prediction. The integration of similar
real-time information sources can further be investigated.
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Appendix A

Evaluation Appendix

A.1 Parking Area with Small Capacity

The parking meter with the id 4347 has an estimated capacity of 18 and is considered as
a parking area with a small capacity. The training months April and May include 1’343
parking transactions while the testing month June contains 465 parking transactions.

A.1.1 Real-Time Predictions

The real-time predictions are evaluated based on different penetration ratios and various
CAF time intervals. Furthermore, the amount of data used to train and test the models
is varied.

Evaluation of the Penetration Ratio

Figure A.1 shows the development of the RMSE respectively the MPE with various pen-
etration ratios on the SFM. The SFM tends to be more accurate with larger penetration
rates. Figure A.2 shows the RMSE and MPE distributions of all prediction models at dif-
ferent penetration ratios where no CAF was used. The RMSE and the MPE shrink with
growing penetration rates. The smallest value in each case is reached by the HMAM. High
prediction accuracies in terms of RMSE or MPE can achieved through high penetration
ratio levels. However, penetration ratio levels above 0.8 are not very realistic.

Table A.1 summarizes some statistics of the prediction models at different penetration
ratios without CAF. The minimum RMSE is dominated by the HMAM with the lowest
value of 2.308. The maximum and the median RMSEs tend to be smaller with larger
penetration ratios. Figure A.3 shows the top ten prediction models at different penetration
ratios without CAF. The HMAM dominates at every penetration ratio. Other prediction
models often change their predictive accuracy in terms of RMSE. This indicates that
the accuracy of a specific prediction model highly depends on the parameters used in
simulation and the dataset itself.
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Figure A.1: Small Parking Area: RMSE and MPE of the SFM with Varying Penetration
Ratios and no CAF

Evaluation of the Controlling Information Source

The SFM is presented at different penetration ratios and CAF time intervals in Figure A.4.
The BAA grows with larger penetration ratios. Additionally, it can be seen that shorter
CAF time intervals are beneficial for the BAA. However, mostly there is no significant
difference between the benefit of a CAF every one or two hours, respectively every four
or six hours. Even a relatively rare CAF every six hours is able to significantly improve
the accuracy in terms of RMSE at a low penetration ratio of 0.05. Table A.2 shows the
different RMSE at every penetration ratio and with various CAF time intervals. The large
difference between the RMSE without CAF and the RMSE with CAF every six hours is
remarkable. Furthermore, in most cases the RMSE shrinks with more available CAF. At
a penetration ratio of 0.05 and a CAF every six hours a low RMSE of 4.300 can already
be achieved. The top results are shown in Table A.3. A maximum BAA of 1.0 can be
reached without any CAF. Furthermore, the SFM scores a minimum MPE of 0.032 and
a minimum RMSE of 0.886 at the penetration ratio of 0.8 with a CAF every hour.

Evaluation of the Amount of Data Used to Train and Test the Models

The three month dataset contains 1’343 training and 465 testing parking transactions.
These training and testing datasets are compared to a dataset including six months of
data. The months April to July are used to train the prediction models and contain a
total of 2’340 parking transactions. August and September are used as testing months
with 1’178 parking transactions.
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Figure A.2: Small Parking Area: Box-plots RMSE and MPE of All Prediction Models
with Varying Penetration Ratios and no CAF

Table A.4 shows some differences using 22 selected measures. Maximum, minimum and
median values are considered for cases with no CAF, medium CAF and many CAFs.
Additionally, low, medium and high penetration ratios are considered. Out of the 22
comparisons, the simulation with three months of data outperformed the simulation with
six months of data in 17 cases. It is undecided in four cases and the simulation with six
months of data only dominates the median RMSE at a CAF every six hours. The values
of the performance measures are mostly close. However, the result indicates that three
months of data are already enough to train and test the models.

A.1.2 Future Predictions

This subsection covers the evaluation of the future predictions. Tables A.5, A.6 and A.7
present selected performance measures for 15, 30 and 60 minutes prediction horizons.
The HMAM is the most accurate prediction model when no CAF is available. With
shorter time intervals for CAFs, other models like Bagging, Linear Regression or Random
Forests finally outperform the HMAM. Interestingly, the performance measure values do
not change significantly when the prediction time horizon changes. Instead, it is highly
dependent on simulation parameters like the amount of CAFs or the penetration ratio.
Figure A.5 shows the MPE of Bagging on a prediction time horizon of 15 minutes with
varying penetration ratios and CAFs. Using Bagging the MPE stays more or less constant
with larger penetration ratios. However, it is highly dependent on the CAF and finally the
MPE drops below 0.1 for every CAF. The RMSE of the Random Forest on a prediction
time horizon of 15 minutes drops mostly with larger penetration ratios. Additionally, the
differences between the CAFs become smaller with growing penetration ratios.
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Table A.1: Small Parking Area: Minimum, Maximum and Median RMSE per Penetration
Ratio without CAF

Penetration Ratio Minimum RMSE Maximum RMSE Median RMSE

0.05 2.308 22.650 10.399

0.1 2.308 59.903 9.029

0.3 2.308 8.027 7.198

0.5 2.308 8.045 6.698

0.7 2.308 7.400 5.436

0.8 2.308 7.027 6.331

Table A.2: Small Parking Area: RMSE of the SFM per Penetration Ratio and CAFs

``````````````̀Measure
Penetration

0.05 0.1 0.3 0.5 0.7 0.8

RMSE - No CAF 12.160 9.759 7.497 8.045 7.400 5.500

RMSE - CAF 6 4.300 6.086 4.043 2.660 1.726 1.355

RMSE - CAF 4 5.721 5.671 3.376 2.344 1.604 1.191

RMSE - CAF 2 5.083 4.050 2.766 1.317 1.254 0.928

RMSE - CAF 1 5.089 4.146 2.324 1.704 1.260 1.016

Table A.3: Small Parking Area: Minimum RMSE, MPE and Maximum BAA

Controlling Input Minimum RMSE Minimum MPE Maximum BAA

No CAF 2.308 0.101 1.0

CAF 6 1.355 0.053 1.0

CAF 4 1.128 0.042 1.0

CAF 2 0.928 0.033 1.0

CAF 1 0.886 0.032 1.0
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Figure A.3: Small Parking Area: Top Ten Prediction Models per Penetration Ratio
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Figure A.4: Small Parking Area: BAA and RMSE of the SFM with Varying Penetration
Ratios and CAFs
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Figure A.5: Small Parking Area: MPE of Bagging and RMSE of the Random Forest on
a Prediction Time Horizon of 15 Minutes with Varying Penetration Ratios and CAFs
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Table A.4: Small Parking Area: Comparison of the Results with Three Respectively Six
Months of Data

Measure Parameter Three Months Six Months Rel. Difference

Min RMSE No CAF 2.308 2.675 -

Median RMSE No CAF 6.836 7.090 -

Min MPE No CAF 0.101 0.112 -

Max BAA No CAF 1.000 1.000 0

Min BAA No CAF 0.360 0.015 -

Min RMSE CAF 6 1.355 1.493 -

Median RMSE CAF 6 3.241 3.051 +

Min MPE CAF 6 0.053 0.060 -

Min RMSE CAF 2 0.928 1.044 -

Median RMSE CAF 2 2.787 2.767 0

Min MPE CAF 2 0.033 0.036 0

Min RMSE 0.1 Penetration 2.308 2.675 -

Median RMSE 0.1 Penetration 4.231 5.050 -

Min MPE 0.1 Penetration 0.099 0.112 -

Max BAA 0.1 Penetration 1.000 1.000 0

Min BAA 0.1 Penetration 0.676 0.364 -

Min RMSE 0.5 Penetration 1.317 1.626 -

Median RMSE 0.5 Penetration 2.570 2.687 -

Min MPE 0.5 Penetration 0.047 0.057 -

Min RMSE 0.8 Penetration 0.886 1.044 -

Median RMSE 0.8 Penetration 2.268 2.675 -

Min MPE 0.8 Penetration 0.032 0.036 -
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Table A.5: Small Parking Area: Performance Measures 15 Minutes Prediction Horizon

Measure CAF Penetration Value Prediction Model

Min RMSE No CAF 0.1 2.308 HMAM

Min RMSE No CAF 0.5 2.308 HMAM

Min RMSE No CAF 0.8 2.308 HMAM

Min MPE No CAF 0.1 0.101 HMAM

Min MPE No CAF 0.5 0.101 HMAM

Min MPE No CAF 0.8 0.101 HMAM

Min RMSE CAF 6 0.1 2.308 HMAM

Min RMSE CAF 6 0.5 1.853 Bagging

Min RMSE CAF 6 0.8 1.500 Random Forest

Min MPE CAF 6 0.1 0.101 HMAM

Min MPE CAF 6 0.5 0.072 Bagging

Min MPE CAF 6 0.8 0.058 Random Forest

Min RMSE CAF 2 0.1 2.308 HMAM

Min RMSE CAF 2 0.5 1.438 M5P

Min RMSE CAF 2 0.8 1.042 Linear Regression

Min MPE CAF 2 0.1 0.099 Decision Table

Min MPE CAF 2 0.5 0.053 M5P

Min MPE CAF 2 0.8 0.039 Linear Regression
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Table A.6: Small Parking Area: Performance Measures 30 Minutes Prediction Horizon

Measure CAF Penetration Value Prediction Model

Min RMSE No CAF 0.1 2.308 HMAM

Min RMSE No CAF 0.5 2.308 HMAM

Min RMSE No CAF 0.8 2.308 HMAM

Min MPE No CAF 0.1 0.101 HMAM

Min MPE No CAF 0.5 0.101 HMAM

Min MPE No CAF 0.8 0.101 HMAM

Min RMSE CAF 6 0.1 2.308 HMAM

Min RMSE CAF 6 0.5 1.851 Bagging

Min RMSE CAF 6 0.8 1.397 Random Forest

Min MPE CAF 6 0.1 0.101 HMAM

Min MPE CAF 6 0.5 0.072 Bagging

Min MPE CAF 6 0.8 0.055 Random Forest

Min RMSE CAF 2 0.1 2.286 Decision Table

Min RMSE CAF 2 0.5 1.402 Linear Regression

Min RMSE CAF 2 0.8 1.010 Linear Regression

Min MPE CAF 2 0.1 0.097 Decision Table

Min MPE CAF 2 0.5 0.054 REP Tree

Min MPE CAF 2 0.8 0.039 Linear Regression
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Table A.7: Small Parking Area: Performance Measures 60 Minutes Prediction Horizon

Measure CAF Penetration Value Prediction Model

Min RMSE No CAF 0.1 2.308 HMAM

Min RMSE No CAF 0.5 2.308 HMAM

Min RMSE No CAF 0.8 2.308 HMAM

Min MPE No CAF 0.1 0.101 HMAM

Min MPE No CAF 0.5 0.101 HMAM

Min MPE No CAF 0.8 0.101 HMAM

Min RMSE CAF 6 0.1 2.308 HMAM

Min RMSE CAF 6 0.5 1.85 Bagging

Min RMSE CAF 6 0.8 1.413 Random Forest

Min MPE CAF 6 0.1 0.101 HMAM

Min MPE CAF 6 0.5 0.072 Bagging, Linear Regression

Min MPE CAF 6 0.8 0.057 Random Forest

Min RMSE CAF 2 0.1 2.288 Decision Table

Min RMSE CAF 2 0.5 1.361 M5 Rules

Min RMSE CAF 2 0.8 1.002 Linear Regression

Min MPE CAF 2 0.1 0.097 Decision Table

Min MPE CAF 2 0.5 0.054 REP Tree

Min MPE CAF 2 0.8 0.04 M5P, M5 Rules
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A.2 Parking Area with Large Capacity

The parking meter with the id 1286 has an estimated capacity of 93 and is considered as
a parking area with a large capacity. The training months April and May include 4’935
parking transactions while the testing month June contains 1’286 parking transactions.

A.2.1 Real-Time Predictions

The real-time predictions are evaluated based on different penetration ratios and various
CAF time intervals. Furthermore, the amount of data used to train and test the models
is varied.

Evaluation of the Penetration Ratio

Figure A.6 shows the development of the RMSE respectively the MPE with various pen-
etration ratios on the SFM. The SFM tends to be more accurate with larger penetration
rates. The RMSE and the MPE grow at the penetration ratio of 0.5, since the parking and
leave parking events are generated with a random factor. A parking event in the original
dataset is chosen to be used in the SFM with a probability equal to the penetration ratio.
Thus, the accuracy in terms of RMSE and MPE can vary (even if high penetration ratios
are used). Figure A.7 presents the RMSE and MPE distributions of all prediction models
at different penetration ratios where no CAF was used. The RMSE and the MPE tend
to shrink with growing penetration rates. High prediction accuracies in terms of RMSE
or MPE can achieved through high penetration ratio levels.

Table A.8 summarizes some selected statistics of the prediction models at different pen-
etration ratios without CAF. The minimum RMSE is dominated by the HMAM with
the lowest value of 16.73. Then it is outperformed by the Random Forest model at a
penetration ratio of 0.7 and by the SFM at a penetration ratio of 0.8. The maximum and
the median RMSEs tend to be smaller with larger penetration ratios. Figure A.8 shows
the top ten prediction models at different penetration ratios without CAF. The HMAM
dominates until a penetration ratio of 0.7. At a penetration rate of 0.5 some models come
very close to the HMAM (e.g., Decision Table or ZeroR). At a penetration ratio of 0.7
the HMAM is outperformed by nine different models.

Evaluation of the Controlling Information Source

The SFM is presented at different penetration ratios and CAF time intervals in Figure
A.9. The BAA grows with larger penetration ratios. A significant difference between the
benefits of the CAFs is non-existent. Even a relatively rare CAF every six hours is able
to significantly improve the accuracy in terms of RMSE at a low penetration ratio of 5%.
Table A.9 shows the different RMSE at every penetration ratio and with various CAF
time intervals. The large difference between the RMSE without CAF and the RMSE with
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Figure A.6: Large Parking Area: RMSE and MPE of the SFM with Varying Penetration
Ratios and no CAF

CAF every six hours is remarkable. Furthermore, in most cases the RMSE shrinks with
more available CAF. At a penetration ratio of 0.5 and a CAF every six hours a low RMSE
of 5.583 is reached. The top results are shown in Table A.10. A maximum BAA of 1.0 can
be reached without any CAF. Furthermore, the SFM scores a minimum MPE of 0.015
and a minimum RMSE of 2.249 at the penetration ratio of 0.8 with a CAF every hour.

Evaluation of the Amount of Data Used to Train and Test the Models

The three month dataset contains 4’935 training and 2’344 testing parking transactions.
These training and testing datasets are compared to a dataset including six months of
data. The months April to July are used to train the prediction models and contain a
total of 9’860 parking transactions. August and September are used as testing months
with 5’787 parking transactions.

Table A.11 shows some differences using 22 selected measures. Out of the 22 comparisons,
the simulation with three months of data outperformed the simulation with six months
of data in 17 cases. The values of the performance measures are mostly close. However,
the result indicates that three months of data are already enough to train and test the
models.

A.2.2 Future Predictions

This subsection covers the evaluation of the future predictions. Table A.13 presents se-
lected performance measures for the 30 minutes prediction horizon. The HMAM is the
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Figure A.7: Large Parking Area: Box-plots RMSE and MPE of All Prediction Models
with Varying Penetration Ratios and no CAF

most accurate prediction model when no CAF is available. With shorter time intervals for
CAFs, other models like Random Forest, Bagging or REP Trees outperform the HMAM.
Interestingly, the performance measure values do not change significantly when the pre-
diction time horizon changes.

Figure A.10 shows the MPE of Bagging on a prediction time horizon of 30 minutes with
varying penetration ratios and CAFs. With higher penetration ratios the MPE drops
below 0.1 for every amount of CAF. The RMSE of M5 Rules on a prediction time horizon
of 30 minutes behaves similarly.
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Table A.8: Large Parking Area: Minimum, Maximum and Median RMSE per Penetration
Ratio without CAF

Penetration Ratio Minimum RMSE Maximum RMSE Median RMSE

0.05 16.73 830.41 42.04

0.1 16.73 42.34 29.65

0.3 16.73 39.67 34.60

0.5 16.73 44.33 24.55

0.7 8.690 27.750 12.682

0.8 8.981 19.878 18.514

Table A.9: Large Parking Area: RMSE of the SFM per Penetration Ratio and CAFs

``````````````̀Measure
Penetration

0.05 0.1 0.3 0.5 0.7 0.8

RMSE - No CAF 40.180 42.319 30.564 44.333 12.682 8.981

RMSE - CAF 6 18.570 14.974 9.047 5.583 4.214 3.085

RMSE - CAF 4 18.772 20.267 7.232 4.723 4.478 2.408

RMSE - CAF 2 16.054 11.298 5.562 4.383 2.702 2.302

RMSE - CAF 1 18.353 9.534 6.024 3.906 2.577 2.249

Table A.10: Large Parking Area: Minimum RMSE, MPE and Maximum BAA

Controlling Input Minimum RMSE Minimum MPE Maximum BAA

No CAF 8.69 0.077 1.0

CAF 6 2.989 0.023 1.0

CAF 4 2.408 0.018 1.0

CAF 2 2.302 0.016 1.0

CAF 1 2.249 0.015 1.0
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Figure A.8: Large Parking Area: Top Ten Prediction Models per Penetration Ratio
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Figure A.9: Large Parking Area: BAA and RMSE of the SFM with Varying Penetration
Ratios and CAFs
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Figure A.10: Large Parking Area: MPE of Bagging and RMSE of M5 Rules on a Predic-
tion Time Horizon of 30 Minutes with Varying Penetration Ratios and CAFs
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Table A.11: Large Parking Area: Comparison of the Results with Three Respectively Six
Months of Data

Measure Parameter Three Months Six Months Rel. Difference

Min RMSE No CAF 8.69 8.50 +

Median RMSE No CAF 25.71 30.58 -

Min MPE No CAF 0.077 0.075 +

Max BAA No CAF 1.0 1.0 0

Min BAA No CAF 0.669 0.806 +

Min RMSE CAF 6 2.989 3.358 -

Median RMSE CAF 6 14.895 16.642 -

Min MPE CAF 6 0.023 0.026 -

Min RMSE CAF 2 2.302 2.909 -

Median RMSE CAF 2 12.695 13.995 -

Min MPE CAF 2 0.016 0.02 -

Min RMSE 0.1 Penetration 9.534 10.72 -

Median RMSE 0.1 Penetration 16.728 17.39 -

Min MPE 0.1 Penetration 0.064 0.076 -

Max BAA 0.1 Penetration 1.0 1.0 0

Min BAA 0.1 Penetration 0.827 0.806 -

Min RMSE 0.5 Penetration 3.906 4.220 -

Median RMSE 0.5 Penetration 12.202 15.438 -

Min MPE 0.5 Penetration 0.027 0.029 -

Min RMSE 0.8 Penetration 2.249 2.492 -

Median RMSE 0.8 Penetration 11.726 13.710 -

Min MPE 0.8 Penetration 0.015 0.016 -



86 APPENDIX A. EVALUATION APPENDIX

Table A.12: Large Parking Area: Performance Measures 15 Minutes Prediction Horizon

Measure CAF Penetration Value Prediction Model

Min RMSE No CAF 0.1 16.73 HMAM

Min RMSE No CAF 0.5 16.73 HMAM

Min RMSE No CAF 0.8 16.18 Random Forest

Min MPE No CAF 0.1 0.153 HMAM

Min MPE No CAF 0.5 0.153 HMAM

Min MPE No CAF 0.8 0.144 Random Forest

Min RMSE CAF 6 0.1 13.24 Decision Stump

Min RMSE CAF 6 0.5 5.106 M5 Rules

Min RMSE CAF 6 0.8 2.999 Bagging

Min MPE CAF 6 0.1 0.102 Bagging

Min MPE CAF 6 0.5 0.041 Bagging, M5P, M5 Rules, REP Tree

Min MPE CAF 6 0.8 0.024 Bagging, M5P, REP Tree

Min RMSE CAF 2 0.1 10.23 Bagging

Min RMSE CAF 2 0.5 4.592 M5P

Min RMSE CAF 2 0.8 2.550 M5P, M5 Rules

Min MPE CAF 2 0.1 0.077 REP Tree

Min MPE CAF 2 0.5 0.033 Linear Regression, M5P

Min MPE CAF 2 0.8 0.019 M5P, M5 Rules
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Table A.13: Large Parking Area: Performance Measures 30 Minutes Prediction Horizon

Measure CAF Penetration Value Prediction Model

Min RMSE No CAF 0.1 16.73 HMAM

Min RMSE No CAF 0.5 16.73 HMAM

Min RMSE No CAF 0.8 14.99 Random Forest

Min MPE No CAF 0.1 0.153 HMAM

Min MPE No CAF 0.5 0.153 HMAM

Min MPE No CAF 0.8 0.133 Random Forest

Min RMSE CAF 6 0.1 13.19 Bagging

Min RMSE CAF 6 0.5 5.13 REP Tree

Min RMSE CAF 6 0.8 3.023 Bagging

Min MPE CAF 6 0.1 0.101 Bagging

Min MPE CAF 6 0.5 0.041 Bagging, M5 Rules, REP Tree

Min MPE CAF 6 0.8 0.024 Bagging,REP Tree

Min RMSE CAF 2 0.1 10.23 M5 Rules

Min RMSE CAF 2 0.5 4.628 M5P

Min RMSE CAF 2 0.8 2.631 M5 Rules

Min MPE CAF 2 0.1 0.077 REP Tree

Min MPE CAF 2 0.5 0.034 Linear Regression, M5P, M5 Rules

Min MPE CAF 2 0.8 0.02 Bagging, M5 Rules
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Table A.14: Large Parking Area: Performance Measures 60 Minutes Prediction Horizon

Measure CAF Penetration Value Prediction Model

Min RMSE No CAF 0.1 16.73 HMAM

Min RMSE No CAF 0.5 16.73 HMAM

Min RMSE No CAF 0.8 14.58 Random Forest

Min MPE No CAF 0.1 0.153 HMAM

Min MPE No CAF 0.5 0.153 HMAM

Min MPE No CAF 0.8 0.13 Random Forest

Min RMSE CAF 6 0.1 13.14 Bagging

Min RMSE CAF 6 0.5 5.134 REP Tree

Min RMSE CAF 6 0.8 3.040 Bagging

Min MPE CAF 6 0.1 0.10 Bagging

Min MPE CAF 6 0.5 0.041 Bagging, REP Tree

Min MPE CAF 6 0.8 0.024 Bagging, REP Tree

Min RMSE CAF 2 0.1 10.23 REP Tree

Min RMSE CAF 2 0.5 4.663 M5P

Min RMSE CAF 2 0.8 2.692 Bagging

Min MPE CAF 2 0.1 0.077 REP Tree

Min MPE CAF 2 0.5 0.034 M5P

Min MPE CAF 2 0.8 0.02 Bagging



Appendix B

Weka Prediction Models

Tables B.1, B.2 and B.3 present the API descriptions of the Weka prediction models used
for time series analysis and forecasting [39] [40] [41].

Table B.1: Weka Prediction Models for Time Series Analysis and Forecasting (I)

Prediction Model Description

Additive Regression Meta classifier that enhances the performance of a regression
base classifier. Each iteration fits a model to the residuals left
by the classifier on the previous iteration. Prediction is accom-
plished by adding the predictions of each classifier. Reducing
the shrinkage (learning rate) parameter helps prevent over-fitting
and has a smoothing effect but increases the learning time.
Default Classifier: Decision Stump
For more information see:
J.H. Friedman (1999). Stochastic Gradient Boosting.

Bagging Class for bagging a classifier to reduce variance. Can do classi-
fication and regression depending on the base learner.
Default Classifier: REP Tree
For more information, see
Leo Breiman (1996). Bagging predictors. Machine Learning.
24(2):123-140.

89
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Table B.2: Weka Prediction Models for Time Series Analysis and Forecasting (II)

Prediction Model Description

Cross-Validated Parameter Selection Class for performing parameter selection by
cross-validation for any classifier.
For more information, see:
R. Kohavi (1995). Wrappers for Performance
Enhancement and Oblivious Decision Graphs.
Department of Computer Science, Stanford
University.

Decision Stump Class for building and using a decision stump.
Usually used in conjunction with a boosting
algorithm. Does regression (based on mean-
squared error) or classification (based on en-
tropy). Missing is treated as a separate value.

Decision Table Class for building and using a simple decision
table majority classifier.
For more information see:
Ron Kohavi: The Power of Decision Tables. In:
8th European Conference on Machine Learning,
174-189, 1995.

Input Mapped Classifier Wrapper classifier that addresses incompatible
training and test data by building a mapping
between the training data that a classifier has
been built with and the incoming test instances’
structure. Model attributes that are not found
in the incoming instances receive missing values,
so do incoming nominal attribute values that
the classifier has not seen before. A new clas-
sifier can be trained or an existing one loaded
from a file.

Linear Regression Class for using linear regression for prediction.
Uses the Akaike criterion for model selection,
and is able to deal with weighted instances.

M5P M5Base. Implements base routines for generat-
ing M5 Model trees and rules The original algo-
rithm M5 was invented by R. Quinlan and Yong
Wang made improvements.
For more information see:
Ross J. Quinlan: Learning with Continuous
Classes. In: 5th Australian Joint Conference on
Artificial Intelligence, Singapore, 343-348, 1992.
Y. Wang, I. H. Witten: Induction of model trees
for predicting continuous classes. In: Poster pa-
pers of the 9th European Conference on Ma-
chine Learning, 1997.
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Table B.3: Weka Prediction Models for Time Series Analysis and Forecasting (III)

Prediction Model Description

M5 Rules Generates a decision list for regression problems using separate-
and-conquer. In each iteration it builds a model tree using M5
and makes the ”best” leaf into a rule.
For more information see:
Geoffrey Holmes, Mark Hall, Eibe Frank: Generating Rule Sets
from Model Trees. In: Twelfth Australian Joint Conference on
Artificial Intelligence, 1-12, 1999.
Ross J. Quinlan: Learning with Continuous Classes. In: 5th
Australian Joint Conference on Artificial Intelligence, Singapore,
343-348, 1992.
Y. Wang, I. H. Witten: Induction of model trees for predict-
ing continuous classes. In: Poster papers of the 9th European
Conference on Machine Learning, 1997.

Multi Scheme Class for selecting a classifier from among several using cross val-
idation on the training data or the performance on the training
data. Performance is measured based on percent correct (classi-
fication) or mean-squared error (regression).

Random Forest Class for constructing a forest of random trees.
For more information see:
Leo Breiman (2001). Random Forests. Machine Learning.
45(1):5-32.

Random Tree Class for constructing a tree that considers K randomly chosen
attributes at each node. Performs no pruning. Also has an
option to allow estimation of class probabilities (or target mean
in the regression case) based on a hold-out set (backfitting).

REP Tree Fast decision tree learner. Builds a decision/regression tree us-
ing information gain/variance and prunes it using reduced-error
pruning (with backfitting). Only sorts values for numeric at-
tributes once. Missing values are dealt with by splitting the
corresponding instances into pieces (i.e., as in C4.5).

Stacking Combines several classifiers using the stacking method. Can do
classification or regression.
For more information, see
David H. Wolpert (1992). Stacked generalization. Neural Net-
works. 5:241-259.

ZeroR Class for building and using a 0-R classifier. Predicts the mean
(for a numeric class) or the mode (for a nominal class).
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Appendix C

User Manual

This chapter describes where to find, how to run and how to use the data preprocessing
module, the DMCS and the Simulation Environment.

C.1 Preprocessing

The source files of the data preprocessing module can be found on the CD in the folder:
A Source Code/00 Preprocessing/. The folder copenhagen includes the Java classes for
transactions from the dataset of Copenhagen [8]. The main method is in the class ”Copen-
HagenProcessor.java”. The classes for a processing of the guiding information system of
Zurich [25] can be found in the folder pls. ”PLSProcessor.java” contains the main method
for the data processing, ”RSS Crawler.java” the main method which crawls the data from
the guiding information system. Example input files for both preprocessing parts are
provided in the folder ExampleInput. The results are configured to be outputted to the
folder Output.

C.2 DMCS

The DMCS is included in the folder A Source Code/01 PAPS-DMCS/. The required
JARs can be found in folder A Source Code/03 Required Jars/. The main method is in
the class ”DMCSMain.java”. Example input files can be found in the folder Input.
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C.3 Simulation Environment

The source files of the Simulation Environment are in the folder A Source Code/ 02 Sim-
ulation Environment. Example input files are included in the folder Input. Per default
the output files are written to the folder Output. It is recommended to increase the Java
Heap Space to at least 1GB. The simulations in the thesis were conducted using 8GB of
Java Heap Space. It can be set using the Java argument -Xmx... (e.g., -Xmx1000m).



Appendix D

Contents of the CD

The CD contains the following folders and files:

Abstract.txt English abstract of this thesis

MasterThesis-LivioHobi.pdf Digital copy of this thesis

DirectoryDescription.pdf Description of the CD content

Zusfsg.txt German abstract of this thesis

A Source Code/00 Preprocessing/ Source Code and example data of the
Data Preprocessing Module

A Source Code/01 PAPS-DMCS/ Source Code and example data of the
DMCS

A Source Code/02 Simulation Environment/ Source Code and example data of the
Simulation Environment

A Source Code/03 Required Jars/ The JARs required by the DMCS and
the Simulation Environment

B Evaluation/01 Dataset Raw and processed parking transaction
and parking meter dataset from Copen-
hagen of the year 2014

B Evaluation/02 Results Results of the evaluation (3 months
and 6 months of data)

C Presentations Slides of the intermediate and final pre-
sentation

D Report Source files of the report including the
figures

E Literature Related work papers in PDF and full
HTML pages
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