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Abstract

This thesis proposes and implements a real-time urban tra ¢ monitoring system for decision-
making as an alternative to classical solutions based on on-road sensors, which often implies
a large installation, operation, and maintenance cost. The main purpose of this system is to
improve the mobility and environmental conditions of cities. This solution takes advantage of
data generated by Waze (Free Community-based GPS, Maps, and Tra ¢ Navigation App)
through smartphones carried by users traveling in the cities. FLEXI (Flow Estimation based
on Collaborative Information) was developed as part of the monitoring system and is based
on a mathematical model that transforms the mean speed and delay given by Waze into
more usable tra c variables such as demand and queues. Moreover, the monitoring system
fuses online, o ine, and collaborative information to improve the estimation accuracy. The
monitoring system was implemented in real-time in Medell n - Colombia, including 38 sig-
nalized intersections. To this end, FLEXI was calibrated using data collected in the eld,
achieving a mean relative error of 15% and a mean absolute error less than 1 veh/min/lane
for the estimation of the ow and queue of vehicles.

Keywords: Urban traffic monitoring system, flow estimation, collaborative infor-
mation, parameter cloning, parameter estimation.

Monitoreo en tiempo real basado en modelos
de redes de trafico urbano a gran escala para
la toma de decisiones

Resumen

En esta tesis se propone y se implementa un sistema de monitoreo de tra co urbano en
tiempo real para la toma de decisiones oportunas, que impacten positivamente en la movi-
lidad y en la calidad del aire de la ciudad. Este sistema surge como una alternativa a las
soluciones basadas en sensores instalados en las v as, pues aprovecha los datos generados
por Waze, aplicacion movil usada para la navegacion dentro de las ciudades, a traves de los
telefonos inteligentes de las personas que usan la infraestructura vial. Como parte del sistema
de monitoreo de tra co fue desarrollado FLEXI (por sus siglas en ingles de estimacion de

ujo basado en datos colaborativos), el cual transforma la velocidad media y demora repor-
tadas por Waze, en ujos y colas de veh culos a traves de un modelo matematico. Ademas, el



sistema de monitoreo de tra co fusiona datos en | nea, fuera de | nea y colaborativos con el

n de mejoar la precision de las estimaciones. El sistema de monitoreo, fue implementado en
tiempo real para una zona importante de la ciudad de Medell n - Colombia, la cual incluye
38 intersecciones semaforizadas. Dicha implementacion requirio la toma de datos en campo
para la validacion del sistema de monitoreo, con el cual se obtuvo un error medio relativo de
15% y un error medio absotuto de menos de 1 veh/min/carril para la estimacion del ujo
vehicular y del tamano de la cola de veh culos.

Palabras claves: Monitoreo de trafico urbano, estimacion de flujo, informacion
colaborativa, clonacion de parametros, estimacion de parametros.
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Nomenclature

k Discrete time step.
xy:z (K) Fraction of ow turning from link ( x;y) to link (y; z).
Cxy Storage capacity of the link &;y) given vehicles (veh).
o} Cycle time of the tra c light at intersection y given in hours (h).

Fz";}fz Saturation ow rate of the link (x;y) going with direction z given in vehicles per
hour (veh/h).

Oxy:z (K) Green time of the trac light for the trac in link ( X;y) going to downstream
intersection z at time step k given in hours (h).

ls Index of service that describes the congestion degree in a road.
Ly Length of the link (x;y) in meters (m).

Qxy:z Capacity of the link (x;y) given in vehicles per hour (veh/h) to evacuate vehicles
with direction z.

vz (K) Reed time of the trac light for the trac in link (  X;y) going to downstream
intersection z at time step k given in hours (h).

v;f;‘;e Free- ow speed of link &;y) given in kilometers per hour (km/h).
T Sample time given in hours (h).

Fj(?y(k) Flow of vehicles given in vehicles per hour (veh/h) entering to link(y) in the
period kT;(k+1)T].

F)g;jt(k) Flow of vehicles given in vehicles per hour (veh/h) leaving the link{y) in the
period KT;(k+1)T].

Fxﬁ}ry”" (k) Flow of vehicles given in vehicles per hour (veh/h) arriving at the tail of the queue
of link(x;y) in the period [k T;(k + 1) T].

Ny (k) The number of vehicles given in vehicles (veh) in link{y ) at the time step k.



q;l;y;z (k)

q}cy;z (k)

<l

vfree

omax

Omin

2 Nomenclature

The length of the queue of vehicles given in vehicles (veh) in linkf{y) waiting to
turn to z at the time step k.

The length of the queue of vehicles given in meters (m) in link(y) waiting to turn
to z at the time step k.

The mean speed given byvaze in kilometers per hour (km/h).
The mean delay given byWaze in seconds (s).

The length of the event given byWaze in meters (m).

The free- ow speed ofWaze event given in kilometers per hour (km/h).
The estimated mean speed given in kilometers per hour (km/h).
The measured length of the queue given in meters (m).

The estimated length of the queue given in meters (m).

The maximum spatial speed given in (km/h).

The minimum spatial speed given in kilometers per hour (km/h).
The measured queue of vehicles given in vehicles (veh).

The estimated queue of vehicles given in vehicles (veh).

The di erence given in minutes (m) between the timestamp of théVaze event at
the time stepk and k 1.

The matrix that de nes the connections between origin-destination vertices.
Binary matrix of destinations.

Binary matrix of origins.

Subscript related to the FLEXI data.

Subscript related to the VDS data.

Subscript related to the O-D matrix data.

Subscript related to the historical data.

Diagonal matrix containing the information about the measurement or estimation
error variance.



1. Introduction

1.1. Motivation

Sustainable urban mobility in modern cities is a major concern for authorities because there
are many problems to tackle, such as congestion, infrastructure planning, social inclusion,
environment, among others [2]. Particularly, the increasing number of vehicles has led to
negative externalities associated with congestion, such as an increased pollution, noise, and
travel times, which a ect the quality of life of citizens. In this sense, it is necessary to
propose alternatives for managing the tra c network in order to take advantage of the
available infrastructure. However, the urban tra ¢ network is considered as a large-scale
system since it includes many highways and signalized intersections [3]. Hence, the large size
of the network and the interactions between agents make the e cient management of the
network a di cult problem to deal with.

Congestion has become a serious problem in many cities as the road infrastructure does
not match the increasing vehicular demand. Jams are produced due to two tra c situations
[1]: expected and unexpected congestion. Expected congestion appears periodically every
day (usually during rush hours) where the demand exceeds the road capacity. Furthermore,
unexpected congestion occurs randomly due to facts that generally cannot be predicted, but
measured, at most. These unexpected situations include tra c incidents, adverse weather
conditions, or road working areas.

For solving the congestion problem, di erent approaches have been considered in the last
decades, such as building new roads or expanding the old ones, modifying the routes of
public transportation systems, land use planning, promoting the modal change, and trac
management. Tra ¢ management involves several online and o ine strategies for making
appropriate and timely decisions to improve the network performance. O ine strategies are
adequate in strategical and tactical planning. In these cases, oine information such as
Origin-Destination (O/D) matrices or historical data can be enough to make a technical
decision. On the other hand, online strategies are focused on operative planning, which
implies making decisions in real-time employing Intelligent Transportation Systems (ITS)
applications [4, 5] such as travel time prediction, routing, incident detection, adaptive and
predictive tra c light control.

Decision making for large-scale networks requires to de ne a suitable methodology to esti-
mate the network estates in real-time. The available information has to be collected, pro-
cessed, and fused. As in several applications, the information provided by individual sensors
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is incomplete, inaccurate, and unreliable [6]. As a result, in most cases, data fusion can
improve the reliability, robustness, redundancy, accuracy, certainty, completeness, coverage,
cost-e ectiveness, representation, and timeliness of the system [6]. In this regard, Van Lint
[4] presented a simpli ed structure of a tra c state estimation/data fusion approach, which
typically includes the following three components:

1. Data from whatever sensors are available.

2. A mathematical model that formalizes the relationship between the data and latent
dynamic phenomena.

3. Data assimilation techniques that combine the data and the model.

This thesis is based on these three basic steps, taking into account two additional concepts:
real-time and large-scale networks. Sections below present the thesis proposal, including the
research problem, hypothesis, objectives, scope, contributions, structure and methodology.

1.2. Thesis Proposal

This section contains the thesis proposal approved by the Universidad Nacional de Colombia
with the help of expert juries, which consists in developing a methodology to monitor urban
tra ¢ network states in real-time for decision-making systems.

1.2.1. Research Problem

Trac jams are one of the most important problems that modern cities currently face.
They a ect mobility and produce negative environmental, social, and economic impacts.
The management of tra c networks is perhaps the only solution that does not involve
expanding the current infrastructure to reduce congestion and its associated consequences
such as emissions of polluting gases, fuel consumption, noise, accident rates, and waiting
times.

A common approach used to solve tra ¢ jams is to implement optimal online (monitoring
and control) and o ine (planning of new roads, government policies) management strategies.
These strategies usually require a dynamic mathematical model that describes the states of
the system. However, a limitation of these models is that they require to be validated using
real data coming from di erent sources. Thus, it is necessary to propose a method to integrate
the o ine (O-D matrices), online (sensors on the network), and collaborative data\(aze
Free Community-based GPS, Maps and Tra ¢ Navigation App) in real-time to estimate the
urban tra c network states.
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1.2.2. Research Hypothesis

It is possible to completely estimate urban tra ¢ network states taking into account limi-
ted information by means of data fusion techniques. This estimation allows monitoring the
network in real-time, enabling the implementation of decision-making systems.

1.2.3. Objectives

General objective

The main objective of this thesis is to propose a methodology to estimate urban tra c net-
work states in real-time for decision-making systems, taking into account limited information
and using data fusion techniques.

Speci ¢ Objectives

To achieve the general objective, the speci c objectives are:

1. To establish relationships among data from online, o ine, and collaborative informa-
tion.

2. To develop a methodology based on data fusion in order to integrate data from multiple
sources within a mathematical model for decision making.

3. To validate the proposed methodology by means of representative cases of study, in-
cluding real data.

4. To analyze the impact of the proposed methodology in large-scale scenarios by means
of micro-simulation using the SUMO simulator.

During the development of this thesis, the specic objectives 3 and 4 evolved due to the
opportunity of testing the proposed methodology in a large-scale real case instead of simu-
lation.

1.2.4. Scope of the thesis

It is expected to validate the proposed methodology in a set of scenarios in the city of
Medellin, taking into account the available data provided by the mobility authorities and the
data collected in experiments. This process will be performed by taking advantage of o ine
(O-D matrices), online (sensors on network), collaborative dataWaze Free Community-
based GPS, Maps and Tra ¢ Navigation App) and collected eld data. These data will be
fused in real time based on a Kalman lIter, enabling the monitoring of the current states of
the network in order to make timely decisions.



6 1 Introduction

In addition, with the aim of validating the proposed methodology in large-scale tra c net-
works, a large-scale scenario corresponding to the city of Medellin will be evaluated by
simulation using Simulation of Urban MObility (SUMO), for analyzing the impacts with
respect to the quantity and the quality of the data, as well as the tra ¢ network scaling.

1.3. Contribution of the thesis

The development of this thesis has some primary contributions that point directly to the
solution of the problem. Additionally, some secondary contributions were found during the
process. The primary contributions of this thesis are:

A mathematical relationship between Waze variables through the estimation of the
free- ow speed.

= A dynamic mathematical model of three steps for the Flow estimation based on co-
llaborative information (FLEXI) registered as a software product (Register 13-76-334,
2019). FLEXI was calibrated for a real scenario in Medelln - Colombia that includes
38 intersections (114 links).

= Implementing a cloning methodology that allows assigning parameter values to those
streets did not report Waze data during eld data collection.

= A Methodology to fuse online, o ine, and collaborative data, including uncertainties.

= A software architecture to deploy the urban tra ¢ monitoring system in large-scale
scenarios that includes a Graphical User Interface (GUI).

The secondary contributions of this thesis are:

= A dissertation on macroscopic urban tra ¢ models explaining the main tra c variables
through an open-source microscopic simulator (SUMO).

= A methodology for data collection in the eld for the estimation of FLEXI parameters.

= Tuning of the mobile application Tra ¢ Sensors (Register 13-53-185) to collect data
in the eld regarding the length of the queue, ow of vehicles, and tra c light states.

1.4. Structure of the thesis

This thesis contains six chapters organized as follows: Chapter 1 presents the introduction
of this thesis. Chapter 2 provides a summarized state of the art about the research topic.
Chapter 3 discusses about the features of the macroscopic urban tra ¢ models. In Chapter 4,



1.5 Methodology 7

the FLEXI (Flow estimator based on Collaborative Information) is proposed and validated in
a real case of study. Chapter 5 proposes a data fusion methodology to combine online, o ine
and collaborative data sources. Finally, the conclusions, recommendations, future work, and
research outputs are found in Chapter 6.

The detailed content of the chapters 2 to 5 of this thesis is summarized as follows:

= Chapter 2 presents a state of the art including the description of tra ¢ data generated
by oine, online, and collaborative data sources. It is also reported the data fusion
methodologies and the principles of the urban tra ¢ monitoring systems.

= Chapter 3 describes the framework for macroscopic urban tra ¢ modeling. The beha-
vior of the main variables is introduced intuitively using an open-source simulator
(SUMO). The congestion regimes are explained in detail, and they are related to sta-
tes of the network, such as the number of vehicles in the links and the queue of vehicles.

= Chapter 4 is the core of this thesis, where the FLEXI (Flow Estimator based on
Collaborative Information) system is proposed and validated. FLEXI is tested in a
simulation case using SUMO and in a real case study in Medelln for 38 intersections
(114 links) with remarkable results.

= Chapter 5 provides a methodology for data fusion based on a ow propagation model
considering uncertainties for online, o ine and collaborative data sources. The data
fusion is tested in a simulation case study and in a real case for Medelln, where O-D
matrix data, video data (VDS), and FLEXI data are fused.

1.5. Methodology

To achieve the objectives proposed in Section 1.2.3, logic steps were carried out considering
the structure of a tra c state estimation/data fusion approach proposed by Van Lint [4], i.e.,

1. description of available tra ¢ data, 2. formulation of a mathematical model that relates

the data and tra c dynamics, and 3. data assimilation/fusion. In this regard, the online,

0 ine, and collaborative data were described and the modeled separately; then, the models
were validated through microsimulation and real cases.

Figure 1-1 presents an overview of all the chapters in this thesis as a owchart and their re-
lationship with the speci c objectives. Note that some sections and appendices are included.
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Figure 1-1 .: Structure overview of the thesis



2. State of the Art

The State of the art is divided into three sections corresponding to the concepts reviewed in
the previous section, i.e., tra ¢ data, data fusion, and urban tra ¢ monitoring, which are
described in the following subsections. At the end of this chapter a summary is presented.

2.1. Trac data

Tra c data is an indispensable requirement to develop transportation studies. These data
have to be collected and processed to provide relevant information about the tra ¢ network.
Tra c data can be classi ed in several ways, such as the type of technology, whether the
sensors are on-board the vehicle or not, according to the aggregation level, to name just
a few. However, for this thesis, the urban tra c data is classi ed into o ine, online, and
collaborative data. These sources of information are described below:

2.1.1. Oine data

The traditional O-D matrix based on surveys is an important resource to analyze the beha-
vior of the network against hypothetical or future scenarios using microscopic, macroscopic,
or mesoscopic simulators. These o ine data is used to describe the patterns of tra ¢ beha-
vior across the network [7] and is de ned for di erent congestion regimes, taking special
importance at rush hours (see more information in Section 5.3.1. The nal O-D matrix is

a result of applying the Four Stage Model (FSM) [8] specially from the second step (trip
distribution). When the O-D matrix is obtained, it is possible to assign the vehicles to the
tra c network and nd the ow of vehicles on the roads. This process is known as trac
assignment and can be achieved considering the shortest path between origins and destina-
tions or a more complex process, considering congestion or the choices of drivers regarding
the routes. There are many types of assignment methods from static to Dynamic Trac
Assignment (DTA) [9].

Usually, the O-D matrix is static for di erent periods of the day and is not suitable for
real-time applications. In contrast, the estimation of a dynamic O-D matrix is considered as
the inverse of the assignment problem [7]. However, in large-scale networks this process has
a high computational burden and is highly complex. In this regard, the work [10] presents

a methodology to estimate the dynamic O-D matrix based on a simpli ed model and the
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Moving Horizon Estimation (MHE). Other solutions based on data fusion have been proposed
[11, 12, 7], and will be detailed in Section 2.2. In any case, the O-D matrix can be adjusted
according to eld measurements. To this end, there are traditional methods to estimate
the O-D matrix from measured ows such as the entropy maximization [13], maximum
likelihood [14], generalized least squares [15], and Bayesian inference [16]. However, in recent
years, there have appeared new technological devices for tra ¢ data collection that allow to
estimate and validate O-D matrices in di erent ways, including traditional induction loops
[17]. For example, the Automatic Vehicle ldenti cation (AVI) system is used to track the
vehicles using the licence plate numbers [18, 19]. Some authors have estimated the O-D
matrix using a least-squares solution and validated with a mail survey [18] while others use
Principal Component Analysis (PCA) to reduce the dimension of the original matrix and to
calculate a time variant O-D matrix through a Kalman lter [19]. Similarly, di erent studies
exist to estimate the O-D matrices using data generated by mobile phones [20, 21, 22],
where the millions of daily Call Detail Records (CDR) are used. ThBluetooth is also used

to carry out this process because this technology is usually part of the vehicles [23, 24, 25].
These kind of data must be ltered, avoiding the overlapping and underestimation [26]. The
Bluetooth data can be fused with other sources such as Wi-Fi and [23] automatic counts [27]
to improve the estimation. Other technologies as Time-Lapse Aerial Photography (TLAP)
[25], Floating Car Data (FCD) have also been tested [17], and geo-location data coming from
social network interactions have been used to nd activity patterns [28]. Note that most of
the methods presented above may be used as online data; in this case, they must perform
an online assignment process, which entails a considerable computational burden. In this
regard, the O-D matrices are not usually used for real-time implementations. On the other
hand, the historical data come from di erent sensors whose information has been collected,
processed, and stored systematically.

2.1.2. Online data

Online data is acquired, sometimes pre-processed and sent in a continuous stream. The most
common sensors suitable to measure online information are described in the following lines:

= Loop detectors: These sensors have to be located on each link. Single induction loops
can measure trac volumes and occupancy [29], while double induction loops can
measure tra ¢ volumes, occupancy, speeds [30, 31], and vehicle lengths (classi cation)
[32] . Temporal sampling (frequency) has a high precision, but spatial sampling depends
on the spacing of the loops. It has been reported research where loop detectors were
used. In order to reduce the cost, it is desirable to use a single loop detector rather than
a double one. For example, some authors have developed algorithms to estimate the
speed using a single loop con guration [33, 34]. Similarly, others present a methodology
to estimate the speed and to classify the vehicles with a single loop detector [35, 36].
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Moreover, there are methodologies to estimate travel times from single detectors [29].

= Prove vehicles: Data obtained in this way are based on wireless signals available from
technologies such aBluetooth, GPS or radio frequency. GPS data come from on-board
electronic devices, including the vehicle ID, position coordinates, time, velocity and
moving direction [37]. These devices are suitable for public individual transportation,
i.e., Taxis or Bus Rapid Transit (BRT) systems and it is possible to estimate travel
times [38, 39, 40] and reconstruct other variables such as mean speed, delays or ows
[41]. TheBluetooth technology is based on wireless signals [6], allowing to track vehicles
by means of communication between the devices located on the roads and the vehicles
[6]. Bluetooth sensors allow to estimate the O-D matrices as presented in Section 2.1.1,
but they are also available to estimate the travel times [42, 43, 44] and the route choice
[45]. In some cases, the cellular phone signals can be used to estimate O-D matrices
(see Section 2.1.1) and consequently travel times [46, 47].

» Video Image Processor: These sensors use a camera and video processing software [1].
There are currently open-source libraries such as OpenCV [48] for counting and clas-
sifying vehicles from video with high performance. Recent studies have shown the po-
tential of the video analytic process, even in real-time operation, including low-quality
video, motorcycles, and occlusion, thanks to the implementation of deep learning neu-
ral networks [49, 50]. Some interesting applications are presented in [51, 52] where
were implemented real-time queue length and travel time estimations using license
plate recognition data systems.

Table 2-1 .: Sensor technologies. Based on [1]

Sensor Principle Weather Variables Coverage Cost Clasi cation Main equipment

Inductive loop Induction X Count, speed Lane High { Loops, control cabinet
RFID Radio-frecuency waves X Count Only equiped vehicles Low X Antennas
Microwave radar Echo signals X Count, speed Multiple lanes Unde ned X Antennas
Acoustic Sound waves X Count, speed Multiple lanes Unde ned { Microphones
Infrared Light X Speed and position Multiple lanes High X Multi spectrum camera
Aerial/Satellite  Video (light) X Ocuppancy Part of the network High X Helicopter, satellite
VIP Video (light) X Count, speed, Multiple lanes High X Camera

queue, incidents

(X) = Good performance, (X) = Not well, ({) = Not de ned.

In Table 2-1, a brief summary of online sensors is presented, where topics such as perfor-
mance in the presence of bad weather, measured variables, coverage, cost of installation,
maintenance and/or operation, ability to classify di erent classes of vehicles and the main
equipment needed.
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2.1.3. Collaborative data

Collaborative data, also called participatory data [53], are based on navigation systems using
GPS, where interactions between users using a mobile application allow for estimating the
tra c jams to feed a route suggestion system. In contrast with other online data systems,
the users give their personal information with the promise of a benet of nding a better
route. Applications such asGoogle Mapsand Waze provide information about events that

a ect road conditions, considering the alerts generated by the users (Wazers). These data are
collected in real-time, though the accuracy of the estimation does not depend on the physical
installation of the sensors but on the number of users that interact with the application.

The market o ers several mobile applications that compute the best route, such &oPilot
GPS, Google MapsKomoot, and Waze However,Waze (Free Community-based GPS, Maps,
and Tra c Navigation App) is the most popular in Colombia, where an agreement with
the tra c authorities of Medelln allows them to collect the information in real-time. The
complete information aboutWaze is presented in [54], where the data collection structure is
explained. It is important to note that the consolidated and aggregated information of the
whole network is available only to the authorities, not to the regular users. There are very few
studies done withWaze In [55], Vasserman et al. de ne an optimization problem that solves
the routing problem following the Waze features. The work reported in [56] characterizes
the Waze alerts to nd opportunities on understanding the jam conditions and accident
rates. Finally, in [57], Amin-Naseri et al. analyze the quality oMWaze data concerning the
accidents.

In our case,Waze generates one report every two minutes in JSON format, showing jam
alerts, including data about congested links. Particularly, this alert contains the following
information for the congested link: the ID, the ow direction, the length of the queue (in
meters), the mean speed of the vehicles in the jam, and the delay due to congestion (see the
complete description in Section 4.1). Unfortunately, the system does not include information
about the ow or number of vehicles in the link because not all vehicles navigate using Waze.
Furthermore, there is a lack of research regarding the fusion of these data with other sources
of information.

2.2. Data fusion

The research on data fusion for urban tra ¢ networks involves real-time monitoring and
state estimation [5]. Data fusion is a concept which covers many areas of knowledge and has
di erent de nitions according to the applications of interest. Therefore, in order to introduce

the data fusion concept, some de nitions are presented:

\Data fusion encompasses a variety of activities that involve using multiple data sources to
make better inferences than could be achieved from a single source of d§&a].
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\Data from such di erent sensors are typically characterized by di erent formats, semantics,
temporal and spatial resolution, and accuracy, and also di er in availability and reliability
both as a function of location, time, and circumstances. [4].

\Data fusion are techniques and tools which are used for combining sensor data, or data
derived from sensory data, into a common representational formaf59].

It is important to mention the de nition of data fusion made by Khaleghi et al.:

\Information fusion is the study of e cient methods for automatically or semi-automatically
transforming information from di erent sources and di erent points in time into a represen-
tation that provides e ective support for human or automated decision making®60].
Considering the above concepts, it is possible to conclude that the problem of data fusion is
focusing on determining the best procedure for combining data coming from multiple sensors
to make decisions to achieve a speci c objective. Particularly, in the intelligent transportation
systems (ITS) eld, there are several applications involving data fusion such as advanced tra-
veler information systems (ATIS), automatic incident detection, advanced driver assistance,
network control, crash analysis and prevention, tra ¢ demand estimation, tra c forecasting,

tra ¢ monitoring, and accurate position estimation [61].

Table 2-2 .: Data fusion classi cation

By Aspect By Con guration By Relations
Distributed Concordant
Across sensors .
_ Complementary Complementary Discordant
Across attributes . .
. Competitive Heterogeneous Granularity
Across domains .
Cooperative Redundant Synchronous

Across time .
Contradictory Asynchronous

For a better comprehension of this concept, some classi cations of data fusion were reported
in the literature and are discussed in the following. A classi cation of a multi-sensor data
fusion system was proposed according to the aspect of the system being fused [62]: fusion
across sensors (by measuring the same property), across attributes (by measuring di erent
guantities associated with the same experimental situation), across domains (by measuring
the same attribute over several di erent ranges or domains) and across time (by fusing
current measurements with historical information). Durrant-Whyte [63] classi es a multi-
sensor data fusion system into three basic con gurations: complementary (sensors do not
directly depend on each other), competitive (sensors deliver an independent measurement
of the same property), and cooperative (independent sensors deliver information that would
not be available from single sensors). A Classi cation of relationships between two o more
sensors is presented in [64], where the environment, scale, frequency, and the analysis of the
delivered information are discussed. Tablg-2 summarizes the classi cation of sensors by
aspect, con guration, and the relationships among them.
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Taking into account that the data fusion quality depends on the used method [6], a general
classi cation of data fusion concerning the method is presented in [4]:

= Estimation methods including weighted averaging, least squares estimation, and recur-
sive approaches such as Kalman or particle Itering.

= Classi cation methods such as clustering algorithms and unsupervised techniques such
as LVQ and self-organizing maps.

= Inference methods such as graphical (Bayesian belief) networks and Dempster-Shafer
methods. The basic premise of Bayesian statistics is that all unknowns are treated
as random variables and that the knowledge of these quantities is summarized via a
probability distribution [59].

= Arti cial intelligence methods including expert systems, fuzzy inference engines, and
adaptive neural networks.

Nonetheless, the most widely used data assimilation technique applied to tra c state es-
timation problems is the Kalman Filter (KF) and/or its many variations (extended and
unscented KF, particle lters) [4]. In this approach, an explicit mathematical model is inclu-
ded to estimate the state of the system in the next time step. In order to use a Kalman Iter
for multi-sensor multi-temporal data fusion, the formulation must be extended to consider
several sequences of measurements made by several sensors [59]. Some works based on this
estimator include [7], where a Kalman Iter was used to estimate the dynamic O-D matrix
combining Bluetooth technology and classical induction loops. Although this method was
not tested in real-time, the results in simulated scenarios were successful. The case of study
presented in [37] was developed in Shanghai, where a comparison of the mean speed, ob-
tained by means of GPS, and Sydney Coordinated Adaptive Tra ¢ System (SCATS) loops
was made using data fusion based on Federated Kalman Filter [65] and the D-S Evidence
Theory [66].

Other simpler solutions, which are not based on the Kalman Filter include the work [67],
where GPS data and loop detectors are used in order to estimate the link travel time for
an urban tra c network by means of the voting technique which is a simple fusion method

to give weights for various information sources [68]. In [69] a data fusion method based on
a neural network is presented. The main aim was to estimate the speed on the highways
of Singapore, by fusing data from probe vehicles (taxis provided with Di erential global
positioning systems DGPS) and loop detectors. In addition, a simple data fusion based on
segment linear regression (SLR) was proposed in [5], where multi-source (GPS data and loop
detectors data) was fused in real-time. In [70] a convex combination (Bar-Shalom/Campo
algorithm) was used, taking advantage of its implementation and considering the co-variance
between sensors. In [71] a hierarchical fusion of multisensor data based on Dempster{Shafer
evidence theories is proposed. This fusion is made through SCATS loop detectors and GPS
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data to estimate the mean speed and volume using a parallel algorithm. Talile3 presents
some examples of data fusion implementations.

Table 2-3 .: Some data fusion implementations.

Research Counts Loops Bluetooth GPS Videos Other Method Objective
[20] X CDR Optimization O-D matrix
[72] X Historical Generalized Least Squares O-D matrix
[73] X X Simple Convex Combination and Kalman Iter Speed
[74] X X Comparison of fusion methods Speed
[75] X X X Comparison of data fusion methods Speed

[76, 77] X X Kalman Filter Density

[78] X X X Evidence Theory Incident detection
[79] X X Comparison of fusion methods Travel time and speed
[80] X X Virtual Trip Lines Modi ed Bayesian data fusion Travel time
[81] X X Twitter Extended Kalman lter Travel time

2.3. Urban tra c monitoring systems

Tra c authorities have focused their e orts on aligning mobility with concepts like smart
cities and eco-cities. To this end, it is essential to implement a tra ¢ monitoring system
that allows make opportune decisions. In this regard, the congestion state of the tra c net-
work must be known in real-time. However, the availability of real-time measurements for
urban tra ¢ networks is often di cult, especially for large tra ¢ networks, due to the lack

of sensors. Also, the information collected by the sensors is usually incomplete and hetero-
geneous in terms of their sampling time, precision, and real-time availability [82, 83]. In an
infrastructure-based estimation approach, the cost of sensor networks is high since they also
require electrical and communication networks that need to be installed and maintained.
Therefore, it is usual that the coverage of the sensor network is insu cient to carry out an
extensive analysis of large tra ¢ networks. As an alternative, it is necessary to take advan-
tage of the existing infrastructure through technological approaches, such as those related to
Intelligent Transportation Systems (ITS) [84, 85, 86, 87]. In general, ITS depend closely on
measurements of vehicles, roads, or users to make decisions [88, 89]. Flow, speed and density
are the most important variables to de ne the congestion level of the network. Particularly

in urban networks, the ow of vehicles entering the road, also called in ow or demand, is
required to implement monitoring [90, 91, 92] and control systems [93, 94], and to generate
simulated test scenarios to evaluate alternatives that improve tra c conditions. As a conse-
guence of the congestion monitoring, it is possible to quantify the e ect of vehicular tra c

on urban warming [95], pollution patterns[96, 97], noise modelling [98, 99], and emissions
control [100, 101], where ow-based macroscopic, microscopic, and mesoscopic models are
used.

Below are some commercial options o ered in the market for urban vehicular tra ¢ moni-
toring.
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» Stratos is a tra ¢ management system developed by SIEMENS [102] focused on redu-
cing congestion and its externalities. Since SIEMENS is one of the biggest companies
dedicated to ITS in the world, its service portfolio is wide: disruptions management,
tra ¢ signal optimization (PC-SCOQT), journey time management, variable message
signs, car parks, intelligent on-street car parking, environmental monitoring, and pu-
blic website. The base of these products is the installation of adequate sensors based
on di erent technologies such as induction detectors, magnetic elds, radar, passive
infrared, video, thermograph, ANPR, andBluetooth/Wi-Fi scanner.

= Aimsun Live is a real-time microscopic simulator developed by AIMSUN [103] that
emulates real tra ¢ conditions using the tra ¢ sensors installed on the roads. This
system is designed to predict one-hour tra ¢ conditions based on an O-D matrix esti-
mation to evaluate di erent tra c light plans (using SCATSIM) and prevent congestion
before it appears.

= Counting and tra ¢ monitoring is a system o ered by HIKOB [104] that use radar and
magnetometers as sensors to generate reports of: vehicle counting, tra ¢ ow monito-
ring, Vehicle classi cation (light vehicles and heavy goods vehicles), speed, occupancy,
and tra c jams length.

Some similar commercial urban tra ¢ monitoring systems are o ered by SWARCO [105],
DATAFROMSKY [106], URBIOTICA [107], and ISKRA [108]. In general, any Urban Tra c
Control (UTC) system as SCOOT [109], SCAT [110], TRANSIT [111], or MODERATO [112]
are supported by a monitoring system that provides the required data. In turn, monitoring
systems require a mathematical model that allows describing the urban tra ¢ network and
estimating the variables that are not measured.

2.4. Summary

This chapter presented a review of tra c data sources, data fusion methods, and trac
monitoring systems. Section 2.1 classi ed data sources into o ine, online, and collaborative.
O ine data provide information about tra ¢ patterns generated by O-D matrices or histo-
rical data from heterogeneous data sources. Online data is the most important data source
for real-time decision making. These kind of data is provided by sensors that use di erent
technologies such as induction loops, videBJuetooth Wi-Fi, and GPS. On the other hand,
collaborative data is provided by users through navigation systems, being this an alternative
barely explored. Since tra c networks usually count with a variety of information coming
from di erent data sources, Section 2.2 presented a review of data fusion methods that
improve the accuracy of the estimations of the tra ¢ variables, regarding individual esti-
mations, by combining data sources. Finally, Section 2.3 presented a review of urban tra c
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monitoring systems whose base is the combination of measurements provided by sensors and
estimations (usually obtained from mathematical models).
The next chapter presents a review of the main concepts used for the macroscopic mathe-

matical modeling of urban tra ¢ networks.



3. Mathematical Modelling for Urban
Trac

The urban tra ¢ system involves several complex factors like roads, vehicles, drivers, and
tra c signals that can be represented by mathematical models. The selection of a particular
model depends on its purpose, e.g., a mathematical model for tracking an emergency vehicle
will have a signi cantly higher level of detail than a model used for monitoring the mean speed
of an urban corridor. Tra ¢ models are usually classi ed according to their level of detalil
into microscopic, macroscopic, and mesoscopic. Microscopic models describe the individual
behavior of the vehicles (also of the driver), taking into account particular variables such
as speed, acceleration, deceleration, route (origin-destination), maneuvers, and interactions
with other vehicles and the environment. On the other hand, macroscopic models represent
the behavior of a group of vehicles described by variables such as speed, density, and ow.
Finally, mesoscopic models combine features of both microscopic and macroscopic models.
Although it is possible to obtain more detailed information from the microscopic model than
from the macroscopic model, the former requires a large quantity of data for their appropriate
calibration; otherwise, their results will not be reliable. In this sense, data collection is a time-
consuming process that requires sensors (instrumentation), workers, and budget, even more
when it comes to characterizing individual vehicles. Besides, the simulation of microscopic
models requires to solve one system of equations for each vehicle, where there are included
di erent models such as the car-following model, the lane change, the driver behavior, the
physical-mathematical model of vehicle, etc. Therefore, the complexity of the microscopic
simulation implies a high computational burden which limits the real-time applications. For
the reasons explained so far, this thesis is focused on a macroscopic modeling approach for
urban tra ¢, where the macroscopic models dynamically describe the interrupted ow by
the tra c signals at intersections.

Macroscopic models are mainly ow-based models that dynamically relate the ow of vehicles
with other transportation variables such as the number of vehicles, density, speed, the length
of the queue, travel time, waiting time, occupancy, and delay. In the transportation context,
there are two approaches used in ow modeling: interrupted and uninterrupted ow. The
uninterrupted ow refers to the continuous ow of vehicles found in highways, where the mean
speed on a section decreases as the vehicular density increases. On the other hand, in urban
tra c networks, several elements act as ow interrupters such as stop and priority signals
and tra c lights, which manage the ow at junctions (intersections), preventing collisions
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between users. This thesis considers signalized intersections since tra c lights are control
elements that can be adjusted in real-time to improve the performance of the network.

The following section presents some basic de nitions that are used in the remainder of this
document.

3.1. Preliminary de nitions

In the following subsections, the de nitions regarding microscopic and macroscopic traf-
c variables, congestion regimes, saturation levels, queue of vehicles, and tra c delay are
presented.

3.1.1. Microscopic tra ¢ variables

Below, some microscopic tra c variables that specify the individual behavior of the vehicles
are described. Figure3-1 shows the spatial and temporal location of two vehicles inclu-
ding time-related (headway and gap), and space-related (clearance, spacing, and length of
vehicles).

Figure 3-1 .: Spatial and temporal location of two vehicles

= Speedy): the speed of vehicla (v;) relates the distance traveled by that vehicle per
time unit. Car-following models consider that speed; is in uenced by the speed of
the leader vehiclev,; .

= Acceleration @): the acceleration of vehicla (&) relates the changes in the speed of

dVi

a.

= Headway(): the headway of vehicle is the temporary space between the rear bumpers
of vehiclesi andi +1 given in seconds (s) and can be related to the period of an event.

vehiclei in time, i.e., g =

= Gap: the gap of vehicla is the temporary space given in seconds (s) between the front
bumper of the vehiclei and the rear bumper of the vehicle + 1.
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» Spacing: the spacing of vehicleis given in meters (m) and is the space between the
rear bumpers of vehicles andi + 1.

= Clearance: is the space given in meters (m) between the rear bumper of the vehicle
i +1 and the front bumper of the vehiclei.

= Length: is the length of the vehicla given in meters (m).

To summarize, the gap is the time needed to cover the clearance distance, and headway is
the time needed to cover the spacing distance (clearance plus length).

3.1.2. Macroscopic tra c variables

Tra c theory de nes the interactions between the speed, density, and ow. This theory is
applied to road design and tra ¢ management to place new tra c lights or to change their
current times. The main macroscopic tra c variables are de ned as follows:

= Flow (F): is the number of vehicles passing across a traversal line to the road per time
unit expressed in vehicles per hour (veh/h). It has an inverse relationship with the
headway & = 1=h).

= Density ( ): is the number of vehicles per distance unit on the road and is associated
with the concentration of vehicles. Generally, it is expressed in vehicles per kilometer
(veh/km) or vehicles per kilometer per lane (veh/km/lane).

= Mean speed ¥): relates the distance traveled by a vehicle per time unit, and it is
expressed in kilometers per hour (km/h). Since the particular speeds of the vehicles
are often di erent from each other, the mean speed calculation can be more useful.
The temporal mean speed is given by:

X
Vi; (3.2)

<
11
S|k

wheren is the number of vehicles crossing a transversal line to the road with a particular
speedyv;. On the other hand, the spatial mean speed is calculated as follows:

Vs = ﬁ (32)
with

Vi = —; (3.3)
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wherel is the length of the road andt; is the time spent by the vehicle crossing the
road. Hence, it is possible to transform (3.2) as:

Vo= P—— (3.4)

Additionally, there are some concepts related to the ow used by macroscopic models such
as:

= In ow or demand: is the number of vehicles entering the road in a period.

= Out ow: is the number of vehicles leaving a link in a period.

= Arrival ow: is the number of vehicles arriving at the tail of the queue during a period.
» Saturation ow: is the maximum out ow from a road when the tra c light is in green.

» Capacity: is the maximum out ow from a road during a cycle time of the tra c light. In
some cases, the term capacity is also associated with the maximum number of stopped
vehicles that occupy the link.

3.1.3. Saturation levels

Saturation levels describe the congestion degree in a road. An index that describes the
saturation level is the service level given by:

_ F@®
1(t) = 3 (3.5)

wherel ¢(t) is the index of service level at timd, F(t) is the ow of the vehicles, andQ is
the road capacity in (veh/h). The Highway Capacity Manual (HCM) [113] de nes ve levels
of service:

A : Highest driver comfort; free owing (Is < 0;6).

B : High degree of driver comfort; little delay (06 <1 s < 0;7)

C : Acceptable level of driver comfort; some delay (<1< 0;8)

D : Some driver frustration; moderate delay (<1 s < 0;9)

E : High level of driver frustration; high levels of delay ((B<1s< 1)

F : Highest level of driver frustration; excessive delaysd{> 1)
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3.1.4. Congestion regimes

In urban tra c, there are mainly two regimes: free ow and congestion. Vehicles are in free
ow when the vehicular density in the link is small enough so that the interactions between
vehicles are negligible. In this regime, the vehicles are moving at free- ow speed, which is
the minimum between the maximal vehicle speed and the maximum speed allowed in the
link [114]. On the other hand, the congestion regime is de ned aga\state of tra ¢ in which

the average speed is lower than the minimum average speed that is still possible in fre¢ ow
[114]. For urban tra c networks, the congestion regime and the tra c lights generate a
gueue of vehicles. Taking into account the saturation levels, it is possible to de ne di erent
congestion scenarios:

» Unsaturated scenarios: refers to tra ¢ conditions where the queue of vehicles is evacua-
ted completely during the green time of the tra c light. In these conditions, the service
level must guarantee an acceptable level of driver comfort (level C), i.eg(t) < 0;8.

» Saturated scenarios: refers to tra ¢ conditions where the evacuation of the queue of
vehicles takes more than one tra c light cycle. In these conditions, the service level
considers high level of driver frustration (between levels C and E), i.e.;8 14(t) 1.

» Oversaturated scenarios: refers to tra c conditions where the queue of vehicles uncon-
trollably increases, exceeding the length of the link and preventing that other vehicles
can enter it. In some cases, oversaturated scenarios cause the blocking of upstream
intersections (breakdown ow). In this conditions, the service level is F, i.ds(t) > 1.

3.1.5. Queue of vehicles

Based on queue theory, a queue of vehicles is the set of all vehicles waiting to be attended by
the intersection, i.e., those that are waiting behind the stop line. Queues are formed because
the ow of vehicles is interrupted by a priority signal (stop or give way) or by a tra c light.

For practical e ects, this thesis establishes the concept of the queue of vehicles according to
the following de nitions:

De nition 1. A vehicle enters the queue when it must reduce its speed below a speed
threshold while waiting to be served by the intersection.

De nition 2. A vehicle in the queue will still be part of the queue until it leaves the link,

regardless of whether it is moving or not.

3.1.6. Trac delay

The delay is the additional time taken by a vehicle on crossing a section of a road under
current conditions, compared with the time in free- ow conditions, i.e., without considering
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tra c lights, tra c, geometry, and incidents [115]. There are several factors a ecting the
delay of vehicles:

= By tra c lights: it results from comparing the current travel time with the travel time
obtained when the intersection operates without tra c lights.

» By tra c: as a result of the interaction between vehicles, the speed of vehicles decreases
below the free- ow speed.

= By geometry: the speed of vehicles decreases due to the geometry of the intersection
that can reduce the space of maneuver of the vehicles.

» By incidents: it is the time lost of vehicles due to an incident.

3.2. Introduction to macroscopic models.

In order to introduce the macroscopic mathematical model, consider Figuf22, where a
signalized intersection is shown. This junction contains two origin node®;(and 0,), two

destination nodes ¢; and d;), and one middle node i). The links containing origin nodes
are known as origin links. Considering that an edge connecting two nodegandy is denoted
as link(x;y), Figure 3-2 contains four links: link(oy;i4), link( 0y;14), link(iy,d;), and link(i,

d,) with a length of L, =200 m each .

Figure 3-2 .. An example of a signalized junction

The discrete dynamical evolution of the number of vehicles in link(y) at time step k + 1
can be calculated using a vehicle balance as follows:
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Ny (K+1) = Nyy(K) + Fi?y(k) Ff;;t(k) T; (3.6)

where n(k) is the number of vehicles in linkgk;y) at time step k, T is the sample time,
F)‘(’;‘y(k) is the ow of vehicles entering link; y) in the period [k T;(k +1)T], and Ff;yt(k) is
the ow of vehicles leaving the linké; y) in the period [k T;(k +1) T]. A micro-simulation of
the intersection shown in3-2 serves as an example to explain the scope of (3.6) and evaluate
the accuracy of the macroscopic model.

This micro-simulation uses SUMO (Simulation of Urban MObility) as reference which is
an open-source simulator developed by Institute of Transportation Systems at the German
Aerospace Center [116]. Linkdy;i,) is represented in SUMO as shown in Figurg-3a, where
two induction loops are introduced (input and output loops) to count the number of vehicles
entering and leaving the link. The con guration of the tra c light for junction i, is shown
in Figure 3-3b where there are two signal group&1 and G2 managing the west-east ow
and the north-south ow, respectively.

(a) Screenshot of the SUMO GUI during the simulation.

(b) Tra c light planning for junction ij.
Figure 3-3 .. A simple signalized junction example in SUMO.

Since link (01;11) is managed by group 2, note in Figure-3b that group 2 has a red-green-
amber con guration where the cycle timec, = 90 s, the green timego,.i,.d, = Go,:i,:d, = 42 S,
the red time rq,.i,.a, = lo:i,d, = 45 S, and the amber time is 3 s. Subscriptso(;i; d) found
in red and green times represent the possibility of the tra c light controlling the ow of link
(o1;11) going to downstream intersectiongl; and d,. Although link (04;i,) has a single lane,
vehicles can turn to directionsd; and d, using only one tra c light signal. In addition, the
demand pro le is shown in Figure3-4 where the hypothetical in ow and the measurements
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in SUMO are compared.

Figure 3-4 .. Comparison between hypothetical and simulated Vehicle demand for Link
(01;11).

SUMO has a sample time of 1 s by default, however, the results can be re-sampled changing
the time range. In this case, it is assumed that the sample time is equal to the cycle time
G, = T =90 s. Also, all of the links in SUMO are con gured with a maximum speed of
60 (km/h). Figure 3-5 shows the results of the simulation obtained by means of the induction
loops every 90 seconds.

(@) Vehicular ow entering and leaving the link. (b) Accumulation of vehicles entering and lea-
ving the link.

Figure 3-5 .: Comparison of the ow of vehicles entering and leaving the linkog;i;) with
T=90s.

1This consideration was also made in the S Model [117] where it was formulated an e cient macroscopic
tra c model, susceptible to be implemented in real-time.
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Figure 3-5a shows that when the in ow changes, the out ow takes a while to reach it due
to the time taken by the vehicles while crossing the link. This phenomenon is known as ow
propagation delay and is di erent from tra c delay. It is worth to highlight that the previous
description applies whenever the in ow and out ow are the same. Therefore, the network
or the links are said to be in equilibrium (do not confuse with user or system equilibrium
used in the assignment tra ¢ process). Thus, when the system is in equilibrium, (3.6) can
be rewritten as:

Nyy(k+1) = nyy(k) ! Nyy =0 (3.7)

On the other hand, Figure 3-5b shows the accumulation of vehicles entering and leaving
the link. Note that at the beginning, both of them are zero, indicating that no vehicle has
passed yet and the link is empty, i.e., fok = 0; n(0) = 0. Also, the cumulative value for the
input ow is always higher than that of the output ow for each time step; which means
that it is not possible to count more output vehicles than those that have entered. A zoom
of Figure 3-5b in Figure 3-6 explains, from a graphical approach, the relationship between
the number of vehicles in the link and the cumulative sum of vehicles entering and leaving
the link described by (3.6).

Figure 3-6 .: Graphical de nition of the number of vehicles in the link (Zooming in of Figure
3-5b).

Figure 3-7 shows the comparison between the number the vehicles in Ling[i;) for model
(3.6) and the SUMO simulation. Since the in ow and out ow are measured, the number
of vehicles is equal comparing the microsimulation with the model. The model described in
(3.6) is quite simple, however, it is useful to explain several concepts, e.g., the importance
of selecting the right time-step depending on the application. Taking another look at gures
3-3aand3-7, itis evident that in Figure 3-3a (taken at 2030 seconds of simulation) there are
more vehicles than the maximum vehicles in Figurg-7 (5 veh). For evaluation purposes, a
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microsimulation for the number of vehicles in the link using a sample time of 1 s is performed
and compared with the one sampled at 90 s.

Figure 3-7 .. Comparison between the number of vehicles in Linlof; i) for model (3.6) and
the SUMO simulation, with T = 90 s.

Figure 3-8 shows in blue line the dynamic behavior of the number of vehicles for each second,
while the red line takes the blue line value every 90 s. In this case, using a sample time of 90 s
only allows to obtain the values at the end of the cycle time of the tra c light, neglecting
the intermediate dynamics. For a better understanding of this concept, Figurg-9 shows
the close up of Figure3-8, together with the tra c lights states during four cycles.

Figure 3-8 .: Simulation in SUMO, showing the Number of vehicles in Linkd;i;) with
T=1sandT90s.

Figure 3-9 presents two states for the link depending on the period of time of the light color,
i.e., an accumulation state for red and a release state for green. In this case, the maximum



28 3 Mathematical Modelling for Urban Tra c

accumulation of vehicles is given at the end of the red light, that is just in the middle of the
cycle time. In this sense, when it is necessary to monitor the capacity of the link, e.g., in
control applications, the underestimation of the number of vehicles in the link can cause a
blockage in the upstream intersection, increasing the negative externalities associated with
congestion.

Figure 3-9 .. Accumulation of vehicles on the link due to the tra c light signal.

In order to illustrate the impacts of the tra c lights sequence and the sample time on the
number of vehicles in the link, a simulation of link ¢,;1,) is performed using the same
demand of link (0;11).

Figure 3-10 .: Comparison between the simulation of the number of vehicles in linke(i,)
and (0p;i7) with T =90 s.

Figure 3-10 shows a comparison between the number of vehicles in links;{.) and (0;;i1)
with a sample time of 90 s. Although the demand at the green, red, and amber times is the
same, the number of vehicles for every is non-identical because each link is controlled by
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a dierent tra c light group (see Figure 3-3b). Speci cally, while the number of vehicles
in link (og;i1) is sampled at the end of the green, the number of vehicles in linkyi,) is
sampled at the end of red. In other words, in a stationary state, the blue line shows the
maximum number of vehicles before the link begins to empty, while the red line shows the
minimum amount of vehicles in the link being lled.

Remark 1. The solution to the apparent conict in Figure 3-10 is to reduce the sample
time to the least common multiple of green and red time or setting the sample time in an
asynchronous way where the sample period includes the same tra c light sequence green-
amber-red.

The previous example discusses the calculation of the number of vehicles in the link through
eqguation (3.6). However, in many cases, it is not possible to measure the out ow, therefore
it is necessary to estimate it. The calculation of the out ow depends on congestion regimes
(see Section 3.1.4) as it is explained below.

3.2.1. Outow and queue estimation for the unsaturated regime

In unsaturated scenarios, the out ow depends on the number of vehicles available to leave
the link. From [117] the minimum number of vehicles leaving the linkx(y) in unsaturated
scenarios is given by:

qx;y;z( )
T

Fout; (k) - +F arriv (k), (38)

Xy;z

whered;.,., (k) is the queue of vehicles in link( y) waiting to turn to z at time step k and
an;”‘z’(k) is the ow of vehicles arriving to the tail of the queue of link(x,y) in the period

[KT; (k +1) T] going along the directionz. As reported in [117], the evolution of the number
of vehicles in the queue of link(;y) is calculated as:

Qyr (K+1) =y, () + FAM(K) FOU (k) T (3.9)

Since the unsaturated regime assumes that all vehicles in queue leave the link at the end
of the sample time, the queue of vehicles is always zero. If equation (3.8) is replaced into
(3.9), ¢¢y.,(k+1) = 0 and F)?yt;(k) = Fj};{f;’(k). Even though all vehicles in the queue are

evacuated in the tra c lights green time, a maximum vehicular queue is generated when the
red light is on. This queue is calculated by:

Q) (k+ 1) = F2A (K) Iy (K); (3.10)

where ry.., (k) is the reen time of the trac light for the trac in link ( x;y) going to
downstream intersectionz at time step k.
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Remark 2. The arrival ow to the tail of the queue is equal to the in ow with a delay of
(k) T+ (k) (see details in [118]). For simplicity, equilibrium conditions are assumed where
F>i<?y:z (k) = F)?;/mz/ (k).

For this example, the red time is constant and includes the amber time ., = 48 s).

(a) Queue of vehicles in link ©1;i1). (b) Queue of vehicles in link (©2;i1).

Figure 3-11 .. Comparison between the maximal queue in SUMO and the one calculated by
the model with T =90 s.

Remark 3. Note that the maximum queue increases with the red time, then it is necessary to
calculate the e ective red time given by the red phase (set by the tra c lights planning) and

the additional lost time. In this sense, depending on public policies and cultural practices, it
is possible to include the amber time inside the red phase.

The comparison between the queue of vehicles measured in SUMO and calculated by the
model of equation (3.10) for links @,;i1) and (0y;i1) is shown in Figure3-11. Here, the
model correctly represents the dynamics of the maximum queue with a low error (take into
account that in this chapter, the accuracy is not essential, but the understanding of the
concepts). The maximum queue peak in Figur&-11 appears at di erent times for each
link, i.e., when the queue is maximum on linkd,;i1), it is minimum on link 0,;i; and vice
versa. Since in the unsaturated regime, all vehicles in the queue are released, the queue of
vehicles comes to zero on every cycle of the tra c light. Finally, taking into account that the
equilibrium state of the link is lost when there are changes in the demand, the assumption
Fj(?y;z(k) = F;};{;“Z’ (k) is not always right. For this reason, these demand changes make the

estimation with the model di er from the values provided by SUMO.
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3.2.2. Outow and queue estimation for saturated scenarios

In saturated scenarios, the out ow depends on the maximum number of vehicles enabled to
leave the link (x;y) in direction z (link capacity). The link capacity given in veh/h can be
calculated as follows:

Fouts - QX‘y‘Z(k) - FSat gX?Y?Z (k)

xy;z xyz T : (3.11)

where F25', is the saturation ow rate of the link (x;y) going in direction z. According
to [113], the calculation of the saturation ow rate starts from a base saturation ow of
1900 veh/h/lane for metropolitan areas, which is a ected by geometrical and tra c factors.
Geometrical factors reducing the saturation ow are the lane width, the road slope, right
and left turnings and interaction with cycleways and crosswalks. On the other hand, tra c
factors such as parking lanes and heavy vehicle transit a ect the calculation of saturation

ow.

Figure 3-12 .: Vehicle demand for Link @y;i,) for Case 2.

There are mainly two possible changes to make in the example of Figure that illustrates

the calculation of the out ow and the queue of vehicles on saturated scenarios: increasing
the demand or decreasing the red time. In both cases, it is necessary to enlarge the links to
allow a considerable accumulation of vehicles in the queues. Thus, consider a second example
denoted as Case 2, where linkof;i;) has a length of 1000 meters, a red time of 25 s and a
demand as shown in Figur&-12. Considering that the in ow is known, the estimation of the
saturation ow can be developed by means of measuring the out ow or the number of vehicles

in the queue.?. The saturation ow can be found from (3.11) using an optimization process

2In practical situations, the saturation ow is calculated using the headway. However, using this method
is not feasible in SUMO because the microscopic model is not continuous, which can cause an incorrect
estimation.
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that minimizes the di erence (error) between the theoretical and the measured out ow. In
this case, an exhaustive search method is used to evaluate saturation ow values within a
range between 1500 and 2 200 veh/h, and to calculate the error for the queue of vehicles as
performance index. Consider the measures vector= [ ., .4(1); &, ,.4(2); 5 A 4,.4(N)]T as

the set of the out ow measures provided by SUMO duringN time steps and the estimations
vector asx*= [ i,.4(1); & .,.4(2): 565 i, .o(N)]". Therefore, the quadratic error is de ned

by:

error = k&  xk*: (3.12)

The quadratic error is evaluated for 700 values between 1500 and 2200 veh/h as shown in
Figure 3-13. The error is clearly convex in the search range, then there exists a value of the
saturation ow (1857 veh/h) that minimizes the error.

Figure 3-13 .: Quadratic error vs saturation ow for Case 2.

Finally, Figure 3-14 shows the comparison between the queue of vehicles in the lirgk;{,)

for the measures taken by SUMO every second and calculated with the model with a sample
time of 90 s and using a saturation ow of 1761 veh/h. Thus, the estimation of the number
of vehicles in the queue shown in Figurg-14 is the best possible using the model described
by (3.9) and (3.11).

Since the case 2 is established in the saturation region, the residual queue of vehicles at the
end of the green light is always greater than 1 (see Figuf14). The queue of vehicles in
the rst section of the demand (0 - 900 veh/h) works as an integrator. It is a critical since
the queue of vehicles is increasing and approaching to the link capacity.

Remark 4. In saturated scenarios, the queue of vehicles must be controlled by increasing the
green time or avoiding the entry of more vehicles to the link (upstream intersection control).

In the next section (900 - 1 800 veh/h) the demand decreases (see Figdt&2) avoiding the
oversaturation of the link but keeping the saturation conditions.
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Figure 3-14 .. Comparison between the queue of vehicles in the linloi;) measured in
SUMO and calculated with the model in the case 2.

3.2.3. Outow and queue estimation for over-saturated scenarios

The over-saturated scenario is an unwanted tra ¢ condition due to the high possibility of
blocking upstream intersections. If an intersection is blocked, the saturation level increases
independently of the demand values, assuming that the green time equals zero in (3.11).
Hence, the calculation of the out ow under over-saturated conditions requires the monitoring
of the downstream intersections to determine the available free space. In over-saturated
conditions, the out ow of link (0y;0,) is given by the free space storage in the destination
links [117], i.e., links {;d;) and (i1; d;). The free space in the destination link ¥; z) to be
occupied by the vehicles coming from linkx y) is given by:

xy:z (K) (CY;-Z Ny:z (K)) : (3.13)
where ., (k) and C,,, are the fractions of ow turning from link (x;y) to link (y; z) and

the storage capacity of the link k;y) given in number of vehicles, respectively. From 3.13 it

is evident that as the number of vehicles in the linky(; z) increases, the free space of the link
decreases. Therefore, it is required to guarantee that., (k) < Cy.,; 8k. For origin links,

a new formulation for source queues is presented in [118], where a virtual queue is created
to store the vehicles that do not have enough space to be inserted in the network. On the
other hand, on the intermediate or destination links, the correct model of the link capacity

is subject to the ful liment of the Courant-Friedrichs-Lewy condition (CFL condition) that

was derivated for urban tra ¢ models in [117] as:

F outo (k) -

Xiy;z

L..
T< 9, (3.14)
Ve

where vf{§,e is the free- ow speed of link k;y). In order to illustrate the over-saturated
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conditions the case 3 is introduced. To this end, the example of Figuge2 must be modi ed
including a tra c light in the intersection d;. In addition, the ow of link ( 0,;i) turning
with direction d; must be large enough to generate an e ect in the out ow of linkd;; ).
Considering that the shortest link has a length of 200 m and the free- ow speed is 60 km/h,
the CFL condition described by (3.14) is given by < 12 s. In this case, the selected sample
time is T = 10 s. Figure 3-15 shows the comparison of the hypothetical and the SUMO
demand for the link (0;i1). Take into account that all the vehicles from nodeo; go to node
d¢, then oriid; — 1.

Figure 3-15 .: Vehicle demand for Link @;i;) for Case 3.

As it is evident, in the period between 2700 s and 3600 s, when the hypothetical demand is
300 veh/h, the SUMO demand oscillates between 0 and 360 veh/h. It is because in the real-
life or microsimulation, the number of vehicles is an integer value, then, it is not possible to
enter 0,833 vehicles to the link each 10 s (or 300 veh/h). To solve this, SUMO accumulates the
fractions of vehicles until completing a vehicle. After that, it is inserted in the simulation. To
guarantee the oversaturation of the linky; d;), a constant demand of 500 veh/h is generated
on the link (o;;1,) with destination node d;.

The estimation of the number of vehicles in the queue of linko(;i;) on oversaturation
conditions is possible thanks to (3.13) and (3.9). As presented in (3.13), the calculation of
the out ow of link ( 01;i1) requires the monitoring of the free space in the linki(;d;). For
simplicity, the number of vehicles in the link (1;d;) is not calculated using a model, but
measured. Figure3-16 shows the number of vehicles in linki{; d;) which is an over-saturated
link. Since the length of the link (1;d;) is 200 m and the space occupied by a stopped vehicle
(length of the vehicle plus the gap) is 7 m, then the storage capacity of the link must be below
28,57 veh. However, in congestion conditions, the shock waves cause that the vehicles are
moving, even inside the queue; thus, the e ective space occupied by each vehicle increases,
reducing the storage capacity of the link. That is why the maximum number of vehicles in
Figure 3-16 is still barely over 26 vehicles.
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Figure 3-16 .: Number of vehicles in link {3; d;) taking from SUMO for Case 3.

In the oversaturated regime, the storage capacity of the linkJ;,.q,) can be selected by
inspecting the maximum number of vehicles in the linki(; d;), but its value is not necessarily

an integer. Thus, a more accurate solution is given by a parameter optimization process. For
this example, the capacity is determined by using an exhaustive search, like it was done
for the saturation ow in the saturated regime. Using the error described in (3.12) as a
performance index, 100 values of capacity are evaluated for the range between 26 and 27 veh
as shown in Figure3-17, nding a minimum error for a capacity of 2654 veh.

Figure 3-17 .: Quadratic error of vehicles in queue of linkd; i) vs capacity of link (i1; d;)
for Case 3.

The results of the estimation of the queue of vehicles in the linlo{;i,) is shown in Figure
3-18, where the queue calculated by the model follows the tendency of the queue measured
by SUMO.

Remark 5. Note that in the rst cycle time of the tra c light, the link ( i,; d;) has not reached
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Figure 3-18 .. Comparison between the queue of vehicles in the link(i;) measured by
SUMO and calculated by the model in the case 3.

the oversaturation level, hence the linkog; ;) does not ful Il the conditions to apply (3.13).

If this condition is overlooked, then the out ow leaving the linkdy;i;) could be greater than
the allowed ow (see saturation conditions). Thus, it is necessary to consider all saturation
regimes at the same time by means of:

Foyz (K) = min

q:(/’y’_lz_(k) + F arriv (k), F sat gx;y;z (k) . XYz (k) (Cy;z ny;z(k)) (315)

Xz Xz T ’ T

Figure 3-19 .: Congestion regime for link ¢;;1;) in the case 3 (u = unsaturated, s = satu-
rated, and o = oversaturated.)

The out ow is selected from (3.15) depending on the minimum value found, then the con-
gestion regimes can change at any time. In this sense, it is possible to track these regimes



3.3 Summary 37

as shown in gure 3-19, where at the beginning of the simulation, the congestion regimes
change from unsaturated, passing by saturated, until the linkag;i,) is established in the
oversaturated regime.

3.3. Summary

This chapter presented a review of the main concepts used for the macroscopic mathe-
matical modeling of urban tra c networks. Since the urban tra ¢ dynamics are complex,
models have non-linear features that are introduced intuitively. The concepts explain the
relations of the demand, the tra c light plans, and the typologies that generate three possi-
ble congestion regimes; unsaturated, saturated, and oversaturated. Each congestion regime
is illustrated using an isolated signalized intersection, where it is carried out the estimation
of the number of vehicles and the queue of vehicles in the link. A microsimulation in an
open-source simulator (SUMO) is performed as a reference to compare the results of the
model and to emulate the measures of some variables as it would be done in reality. Finally,
note that the contribution of this chapter does not lie in mathematical modeling but in the
detailed methodology of illustrating the most relevant concepts of tra ¢ engineering and
the parameter tting process that are the basis for tra ¢ monitoring and control imple-
mentations. Also, the simulation results are comprehensively discussed and supported in the
theoretical concepts.



4. FLEXI: Flow estimation based on
collaborative information

This chapter presents the formulation and validation of FLEXI for the ow estimation, using
collaborative data (Waze), whose o cial logo is shown in Figure4-1 and has a software
registration [119] as a product of this thesis.

Figure 4-1 .. FLEXI o cial logo.

This chapter is organized as follows: Section 4.1 describes the structure of the collaborative
data. Next, Section 4.2 presents the complete description of the mathematical model for the
ow estimation. Sections 4.3 and 4.4 present the results of the FLEXI test for simulated and
real case studies. Finally, the summary is presented in Section 4.5.

4.1. Collaborative data (Waze) description

Waze (Free Community-based GPS, Maps, and Tra ¢ Navigation App) is a free mobile
application used for routing trips in urban areas to nd the best path that reduces travel
time. Waze suggests the shortest path concerning the shortest distance traveled or faster
roads under unsaturated tra ¢ conditions; however, under saturated tra ¢ conditions, Waze
estimates the best path considering the congestion data reported by other connected users.
At rst sight, the more users connected, the better the tra c congestion estimation of the
tra ¢ network. However, currently, Waze takes advantage of alternative routes, which are
less congested than those usually used by users with@Maze In a hypothetical case where all

of the users us&Vaze the urban tra ¢ network should reach the best possible performance,
i.e., the system equilibrium described by Wardrop in [120]. The system equilibrium will
achieve as long as Waze includes in its algorithm the level of acceptance of the suggested
routes to users; otherwise, these suggested routes (best routes) will saturate.

On the other hand, Waze provides an additional service called Waze for cities" where
the mobility authorities of cities and Waze work together to improve urban mobility. In
this regard, through an agreement withVaze a city obtains real-time data about the tra c
conditions, which are processed and used for decision making. It is worth clarifying that data
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coming from Waze for cities (hereinafter called theWaze data) is an aggregated version of
the data presented to users. In the particular case of Medelln (Colombia), the mobility
authorities host the Waze data in JSON format through alerts that show events associated
with the current tra c conditions.

4.1.1. General description of the Waze data

Waze events are generated from user reports regarding accidents, jams, weather hazards,
road works, and closed roads. However, this thesis is focused only on jam alerts since they
contain the most representative data concerning the state of streets: the delay (in seconds),

the mean speed (in km/h), and the length of the event (in meters).

Listing 4.1: Description of aWaze event.

1 f"hits": [ f"speed": 18.04, "street": "Av. El Poblado >(S)", "delay": 71

, "location": [[ 75.571981, 6.202879], [75.572173, 6.202309], [75.
572198, 6.202227], [75.572344, 6.201761], [7/5.572499, 6.201353], |
75.572697, 6.200945], [75.572811, 6.200764], [75.573438, 6.199736
], [ 75.573535, 6.199564], [75.573562, 6.199508], [7/5.573705, 6.19
9213], [ 75.57381, 6.199003], [75.573888, 6.198854], [75.574549, 6
.197481]], "startTime": "2018 08 08 16:07:00:000", "endNode":
Medellin", "endTime": "2018 08 08 16:08:00:000", "length": 664]g

Listing 4.1 presents, in JSON format, the information about a jam event in the city of
Medelln on August 8 of 2018, which contains several elds giving information about jam
alerts such aspeed =18;04 km/h, the street = Av. El Poblado > (S), thedelay =71 s,
the location of the jam event through several geo-points with latitude and longitude
components, theendTime with the timestamp of the event, and thelength =664 m .

Figure 4-2 .: Location of the Waze event of Listing 4.1 using latitude and longitude points.
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Graphically, Figure 4-2 shows the location points oMWaze events over the Av. El Poblado
with the direction south (>(S)) using Elastic Map Service (EMS) and Open Street Maps
(OSM).

It is worth mentioning that the events generated byWaze are given only under congestion
conditions; thus, if there are noWaze events on the street, it is assumed that the street
is under unsaturated conditions (low congestion). Also, note that the length of the event
(600 m) is quite long because th&/aze system has aggregated the data of users located in
several streets of the corridor, generating a mean value for the speed and delay. This data
aggregation is not desirable since information at middle roads is lost. FinallWaze does
not report information by type of vehicle; thus, it is not possible to classify the vehicular
composition although the ow being heterogeneous.

4.1.2. Mathematical relation between Waze variables

The mean speedY)), the mean delay {;), and the length of the event {) are variables given
by Wazethat can be related among themselves. In this regard, it is clear that the delay is an
estimated variable that allows calculating the travel time of the users, and it is not possible
to measure it until the trip is over. To relate the Waze variables, consider that the vehicles
follow an Uniform Rectilinear Motion, then their mean speed can be written as:

V= - 4.1)

~*||

wheret is the average travel time. On the other hand, the average travel time is given by:

t= free T Tg (4.2)

wheretee andty are the minimum travel time associated with free- ow conditions and the
mean delay generated by the saturation conditions, i.e., jams produced by the tra c lights,

the high density of vehicles, collisions, etc. Assuming thdf.. = I=Vxee and replacing (4.2)
in (4.1):

V= —— (4.3)

vfree

The relation between the mean speed, the mean delay, and the length of the event is presented
in (4.3) and is given by means of the inclusion of the new paramet&fee that can be
measured or estimated using the least-squares method. Since (4.3) represents the linear
equationy = mx + bwith y = 1=v, m = 14, x = fy, and b = 1=V;e. For n events, the
matrix representation is written as:
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2 3 23
Y1 MiXg 1
m-X 1

Eyz o 2z:ga: (4.4)
yn mnxn 1
Y A

From (4.4) it is possible to calculatebasb= (ATA) ATY. One street in the city of Medelln
is selected for testing the result of the regression. This link has 3 lanes and ;34@ of length,
and it is highlighted in Figure 4-3.

Figure 4-3 .: Medelln-Colombia, Calle 65 betweenCarrera 50 and Carrera 48

The events reported byWaze for Calle 65 starting in Carrera 50 on January 15, 2019, are
shown in Figure4-4, where 700 events were reported during the day. Note that the data is
plotted continuously for visualization purposes; however, these are discrete events.

For the data showed in Figure4-4, the least-squares solution for the free- ow speed is
31,08 km/h. The comparison between the mean speed given Waze and the one calculated
using (4.3) is shown in Figured-5, where the mean speed of model (4.3) ts th&Vaze data
with an R squared of (995.

From the results of Figure4-5, it is clear that the Waze system estimates the delay with a
similar model to (4.3)) using the mean speed reported by th&aze users. In this regard, the
mean speed is selected as the main variable to estimate the ow because the delay is itself
an estimated variable. Since th&Vaze users are only a part of the population, it is needed
to evaluate how the rate of theWaze users a ect the mean speed measured in a link.
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Figure 4-4 .. The Waze data for Calle 65 on January 15, 2019.

Figure 4-5 .. Comparison of the mean speed given Byaze and calculated by the model.

However, theWaze data requires to be transformed into more useful tra c variables such as
the ow of vehicles to generate mobility indices, implement tra ¢ controllers, and to make
real-time decisions. To this end, the next section presents an explicit mathematical model
that relates the Waze data (maximum queue length, maximum delay, and mean speed) and
ow of vehicles.

4.2. Mathematical model for ow estimation

This section proposes a mathematical model to estimate the in ow of vehicles to a link
(demand) using theWazedata. SinceWaze does not provide information about the vehicular
composition, i.e., there is no classi cation of vehicles on the road, the estimated ow is given
in Passenger Car Equivalent unit (PCE), which relates any vehicle type (car, motorcycle,
bus, etc.) with a standard vehicle. The rst de nition of PCE was given in the Highway
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Capacity Manual [121] where the e ect of buses and heavy tra ¢ concerning other vehicles
is explained. The mathematical model is divided into three sequential steps as shown in
Figure 4-6. The rst step linearly relates the mean speed given bWaze (¥) with the length

of the queue of vehicles in metershj. In the second step, the queue of vehicles in PCE
(henceforth called only vehicles) is found using a quadratic model. Finally, in the third step,
the ow of vehicles is calculated through a dynamic non-linear model. FLEXI estimates the
ow of vehicles for an individual link, i.e., it does not consider the ow propagation between
links. The ow propagation methodology is proposed in Chapter 5.

Figure 4-6 .. Methodology for the estimation of the ow of vehicles from\Waze data.

Remark 6. It could be possible to simplify the methodology proposed in Figdré by omit-

ting step 1, i.e., through a direct calculation of the number of vehicles in the queue from
a transformation of the Waze data. However, in real scenarios is challenging to count the
number of vehicles in the queue, even more, when the street is long and the vehicles are
moving. Since the maximum queue length in meters is a variable that can be measured more
easily in the eld, it is essential to carry out step 1.

A more detailed explanation of each model step of Figure6 is presented below.

4.2.1. From Waze data to queue length in meters (step 1)

Based on Figure4-5, it is con rmed the relationship between the mean speed and the mean
delay, i.e., the delay is estimated using the speed measurements and the free- ow speed. Thus,
since the speed provided byVazeis a measurement, while the delay is an estimation, in the
rst step of the mathematical model it is proposed a linear inverse relationship between the
mean speed and the length of the queue in meters; this is a consequence of the hypothesis
where the length of the queue increases as the speed decreases. Note that the queue of
vehicles changes during the tra c light cycle because the queue is evacuated in the green
time and grows in red. Then, for implementation purposes, the mean speed is related to the
maximum length of the queue during the tra c light cycle. Let v, ¥, and h be the mean speed
measured byWaze the estimated mean speed, and the measured length of the maximum
gueue, respectively. A linear relationship between the mean speed @hd the maximum
accumulation (maximum queue length fﬁ) in meters) is considered as shown in Figuré-7
and it is formalized in (4.5).

min {ymax

¢(h) = 4™ + — T h; (4.5)
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Figure 4-7 .. The linear relation between mean speed and the maximum queue length.

wherevV™ ¢™Mn and L are the maximum spatial speed, the minimum spatial speed, and the
length of the link. The maximum spatial speed and the minimum spatial speed include the
e ect of the tra c light depending on the green and red time. From Figure4-7 and (4.5), it
isclearthat0 h L, the mean speedfs minimum for h = L and maximum whenh = 0.
The mean speed of 4.5 can be written as a linear equation as follows:

¢=mh+ b; (4.6)
vmin ymax
with the slopem = ——— and b= v"®. The matrix system for a set ofn elements
that relates the mean speed with the maximum length of the queue is given by:

2 3 2 3
1

'0‘1 hl
sz §h2 12 m

= ; 4.7
EE i 5 b’ (4-7)
(5 h, 1
¢¥2RN A12R" 2 X12R?

Considering that the parameters of vectox must be estimated, an optimization problem is
proposed in (4.8), where the quadratic error between the estimated and the measured mean
speed is minimized.

mn kv A1 XK, (4.8)

The optimization problem is formulated in (4.8) and can be solved as a least-squares problem,
where x; = (AJA;) *A]v. For the parameter estimation process, it is necessary to take
measurements of the maximum length of the queue to estimate the mean speed. For real-
time implementation, Waze provides the events that contain the measured mean speed, then,
the estimation of the maximum length of the queue (from (4.6)) is calculated as:

= : (4.9)
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The estimated queue in metersf() allows calculating the queue of vehiclesj{as is presented
below.

4.2.2. Queue of vehicles (step 2)

The length of the queue calculated above is given in meters; however, to estimate the in ow,
it is necessary to calculate the number of vehicles in the queue. In this regard, a quadratic
function between the maximum length of the queuefy) and the maximum queue of vehicles
in the queue is proposedd)*as shown in Figure4-8.

Remark 7. It is assumed that when the length of the queue is small, the vehicles in the
gueue are close to each other (separated by the gap). Thus, the maximum number of vehicles
in the queue depends on the average space occupied by a stopped vehicle. However, when the
gueue of vehicles is not cleared during the green time, the street is in a saturated condition,
and the length of the queue can increase even when the vehicles inside the queue are moving.
Hence, it is proposed a nonlinear relationship between the length of the queue and the number
of vehicles in the queue, considering that the e ective space occupied by the vehicles increases
when they are moving.

Figure 4-8 .. The quadratic relation between the maximum queue of vehicles and the maxi-
mum queue length.

The relation presented in Figure4-8 can be formulated as:

ah) = bAz+ afi + ¢ (4.10)

wherea, b, and c are parameters that must be estimated.

2Q13 Zﬁl ﬁ% 132a3

2
quz: Eﬁz ﬁf :124b5; (4.11)
6 A h1 ©

G2R" A,2Rn 3 X22R3
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If the number of vehicles in the queue is measured)(it is possible to estimate the parameters
vector x by means of:

mn kg Az Xk, (4.12)
X2

The optimization problem formulated in (4.12) can be solved as a least-squares problem
asx, = (AJA,) 'Alq. However, since the number of vehicles in the queue is not easy to
measure, the parameter vectox, can be estimated, as described in the next section.

4.2.3. Flow of vehicles (step 3)

The ow estimation methodology is presented in this section, where two congestion regimes
are considered: unsaturated and saturated regime. For unsaturated regimes, the ow of
vehicles entering and leaving a link is equal during one cycle time of the tra c light; thus, the
gueue of vehicles is cleared entirely. However, for saturated regimes, the in ow and out ow
can be di erent during a cycle time, and the maximum queue also depends on the previous
gqueue state. In the next sections, the relation of the maximum queue of vehicles and the
ow is presented for unsaturated and saturated regimes considering the isolated intersection
presented in3-2. Also consider a generic linkx; y) that connects the intersectionsx andy.

Unsaturated regime

An unsaturated link is characterized by a low amount of vehicles concerning the capacity of
the link. This implies that when the tra c light switches to red, the queue of vehicles has
been evacuated completely. Taking into account that at the beginning of the red light the
gueue is equal to zero, the maximal number of vehicles in the queue of the linky() at the
sample stepk + 1 is given at the end of the red time (., (k)) as follow:

Oy (K +1) = fj(?y(k) My (K); (4.13)

wherefj(’;‘y(k) is the in ow to link ( x;y) in the period [k c; (k + 1) ¢], wherec, is the cycle
time of the tra c light of intersection x. Solvingf;?y(k) from (4.13), the estimated in ow is

calculated as:

Gy (k +1)
My (K)

The queue of vehiclesy., (k + 1) is estimated using (4.7) and (4.11).

iy (k) =

y (4.14)

Remark 8. Note that Waze does not provide the mean speed by lane but for the entire link.
Thus, the maximum queue of vehicles is calculated for the whole link without discriminating
the individual queues for di erent turning directions(.,.; ).
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Saturated regime

Alink (x;y) is in the saturated regime when the queue of vehicleg, (k) cannot be evacuated
during the green timegy., (k). In this case, the out ow f;’;‘(k) is equal to the capacity of the
link (maximal out ow leaving the link), and the calculation of the inow f,% (k) depends on
the queue of vehicles in the previous time step. The queue of vehicles at the time stepl

is given by:

Gy (K +1) = Ro(k)+ flyk) Fo(K) o; (4.15)

where g, (k) is the queue of vehicles at the sample step and cﬁ;'g(k) is the old queue of
vehicles. Equation (4.15) assumes that the in ow arrives directly to the tail of the queue
(see Remark 2). The old queue of vehicles is calculated depending on the congestion regime
of the link. In this regard, while the link is congested\Waze reports events with a rate of

w = 2 minutes, then the queue evolves dynamically from previous values. On the other
hand, when the lastWaze event was reported more than 2 minutes ago, the previous queue
returns to the initial condition, that is, to the value calculated in steps 1 and 2. The old
gueue is calculated as follows:

(
q.J;d (0) : tw (k) w

(k) =
o (k) Qua(K) : otherwize

(4.16)
whereq,.4(0) is estimated using (4.7) and (4.11), and , (k) is the di erence given in minutes
between the timestamp of theWaze event at the time stepk and k 1. In addition, the
out ow for the period [k cy; (k + 1) ¢] is given by:

Oy (K) .
fou(k) = oo éx : (4.17)
wheref 5! is the saturation ow of the link (x;y) given in veh/h/lane and g, (k) is the green

time. Finally, the estimated ow entering to the link (x;y) during the period [k ¢.; (k+1) ¢]
is:

= G kD 00+ 156y (),

y S (4.18)

4.2.4. Parameter estimation

Considering an urban tra c network with a set of links L and the mathematical model
described in Sections 4.2.1, 4.2.2, and 4.2.3, it is possible to formulate the network model as
a general non-linear system as follows:

R(k+1) = f&R(K);uk); ) (4.19)
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wheref (), ®(k), u(k), and represent respectively the dynamic function of the estimated
states, the vector of estimated states, the input vector, and the parameter vector. The es-
timated state vector X(k) = (’q;y(k))zx;y)ZL, contains the estimated queue of vehicles of the
set of links L. The input vector is u(k) = (gx;y(k);d(k))zx;y)ZL, where d(k) is the demand
for origin links of the set of linksL in the period [kcy; (k + 1) ¢y]. The parameter vector

= (v;’})‘,” ; v{g;‘x; Ay ; Bey s Cey s f)ff;t ZX;y)ZL’ represents the set of unknown parameters of
the set of linksL. On the other hand,x(k) = ( qx;y(k))zu;dm, is the vector of measured states
of vehicles in the set of linkd.. Further, the vector of estimated states for the set of link&

of the tra ¢ network for N events ofWazeis:

R= R(K) .\ (4.20)

Additionally, the vector of measured states and the vector of inputs of the whole network
are known and can be written as:

X = X(K) (g (4.21)

u= U(k) ;=O:::N 1 (4'22)

For the estimation, the objective function is de ned by the quadratic error between the
measured and estimated states as follows:

XK@y x()K

JR;x;u; )= — (4.23)
P21 kx(j)k®+1
Finally, the optimization problem for the parameter estimation is de ned as:
mn J(R;x;u; )
subject to:
R(k+1) = f(&(k);u(k); );
k=1;:5N L (4.24)

Remark 9. As discussed before, the queue of vehicles is not easy to measure in the eld;
then, the measured state vector requires to be modi ed due to available measurements.

Next section presents the test results of FLEXI using an open-source micro-simulation tool.

4.3. Testing FLEXI in a simulation case

The main objective of FLEXI is to relate the variables given bywaze i.e., the mean speed
(V), the mean delay {g), and the length of the event {) with the ow of vehicles. In this
regard, this section presents a proof of concept of the FLEXI system using the SUMO



4.3 Testing FLEXI in a simulation case 49

(Simulation of Urban MObility) open-source simulator. TheWaze variables are emulated
using SUMO tools and some algorithms developed in this thesis. This section aims to evaluate
the model presented in Section 4.2 in a simulation simple case. The next section presents
the methodology to obtain the required data from SUMO, i.e., the emulation of th&/aze
data variables in SUMO and the queue of the vehicles.

4.3.1. Obtaining the SUMO data

SUMO can provide simulation output data in two ways; online (during the run time) and

o ine way). O ine data is consolidated at the end of the simulation through a report; to
this end, additional con gurations must be included (see SUMO outputs for more details)
depending on the needs before the simulation starts. On the other hand, online data is
collected at run time using a Tra c Control Interface (TraCl) included in the software
available to use in C++, Python, and Matlab® (TraCi4Matlab[122]). Because FLEXI is
con gured as a real-time ow estimation system, the methods for online emulation &Waze
variables through SUMO and the method to obtain the maximum queue are presented below.

Mean delay

The information regarding the maximum delay is extracted from SUMO, taking into account
the concept of tra ¢ delay presented in Section 3.1.6. However, it is impossible to obtain the
delay online, because the data are available only after the vehicles leave the link. Thus, the
data must be captured at every simulation step of SUMO (1 second) and processed at the
end of the simulation. For calculating the delay of one vehicle in SUMO, the waiting time is
accumulated from the time the vehicle enters the queue until it leaves it.

Algorithm 1 Computing the total waiting time

1: function getWaitingTime  (link ,oldQueuég

2: n  number of vehicles inlink
id id of vehicles inlink
v speed of vehicles itink
gld id of vehicles inoldQueue
g number of vehicles inoldQueue
for k 1tondo

if v(k) < 0;1LAND id(k) 2 old_queuethen
vehicle(id(k)):timeln current time

© © N o g khw

10: nQueue number of vehicles inqueue
11: for | 1toqdo
12: if gld(j) 2id then

13: vehicle(id(k)):timeOut  current time
return (vehicle)




50 4 FLEXI: Flow estimation based on collaborative information

The proposed Algorithm 1 stores, for every vehicle, in a data structure, the arrival time to
the queue and the leaving time. After that, when the simulation has nished, the data is
re-sampled to nd the mean delay of the vehicles during a period of time considering the
vehicle's time of arrival to the queue fimeln) and the delay (delay(id) = timeOut(id)
timeln (id)).

Mean speed

The mean speed provided byVaze refers speci cally to the spatial mean speed that can
be calculated using (3.2) or (3.4), depending on the data collected; individual speedor
individual travg time t;, respectively. The individual speed can be calculated in SUMO
usingVs = n=( .. 1=v) implemented in the \vehicle" class of TraCl:traci.vehicle.
getSpeed(vehiclelD) . The individual travel time can be computed using an algorithm
similar to Algorithm 1, but setting \ vehicle(ld (k)) :timeln current time" when the vehicle
enters the link. On the other hand, it is possible to obtain the spatial mean speed of
a link directly in SUMO using the \edge" class of TraCl: traci.edge.

getLastStepMeanSpeed(edgelD)

Maximum queue length

The queue concept presented in Section 3.1.5 does not have an equivalence directly in SUMO;
thus, it is not possible to automatically extract the maximum queue value. The most similar
command to obtain the queue of vehicles is part of thedgeclass of TraCl:traci.edge.
getLastStepHaltingNumber(edgelD) , which returns the number of vehicles that are
moving below a threshold speed (commonly 0.1 m/s). Therefore, in many cases, vehicles
within the queue are moving faster, then they are not detected as part of the queue. This
behavior holds especially for saturated and over-saturated scenarios.

Consequently, it is necessary to compute the maximum queue value by combining other Traci
commands, as shown in Algorithm 2. Algorithm 2 must be used at every simulation step of
SUMO (1 s) to obtain the number of vehicles in the queue. If the sampling time is di erent
from 1 s, it is necessary to nd the maximum value of the queues during a period.

4.3.2. Case study

To evaluate the performance of FLEXI in a simulation case study, consider the link Gfalle

65 betweenCarrera 50 and Carrera 48, presented in Figure4-3, whose demand (in ow) is
shown in Figure4-9. In this case, the tra c light signal is xed in r,4q =77 sandg,q =43s.

As it was presented in Section 4.2, the mean speed is the main variable coming fidfaze
used to estimate the ow of vehicles. In this regard, th&Vaze mean speed includes a mea-
surement error because not all the vehicles present in the network are connectedNaze
This measurement error decreases as the numbeNgtze users increases. Since the number
of Waze users reporting the online data is unknown, the mean speed error is also unknown;
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Algorithm 2 Computing the maximum queue length

1: function getLastStepQueue (link ,0ldQueud
2: n  number of vehicles inlink
id id of vehicles inlink
v speed of vehicles itink
gld id of vehicles inoldQueue
g number of vehicles inoldQueue
for k 1tondo
if v(k) < 0;1AND id(k) Z old_queuethen
queue:addid(k))
10: nQueue number of vehicles inqueue
11: for j 1togdo
12: if gqld(j) Zid then

13: oldQueue:removéqld(j))
return (oldQueue; nQueug

however, it is possible to calculate it by simulation using the microscopic tra ¢ simulator
SUMO (Simulation of Urban MODbility).

Figure 4-9 .. Demand of vehicles inCalle 65

To evaluate the e ect of the number of vehicles usingVaze on the mean speed, several
scenarios are simulated using di erent percentages of vehicles reporting data. For each sce-
nario, the vehicles connected t&Waze were randomly selected. Figurel-10 compares the
mean speed of the link, which was calculated using di erent percentages\Wwfze users in

the case study. The di erence between the scenarios and the reference (100 4Wate users)
decreases as the percentage of data increases, as shown in Figiré, where the R-squared
index is used to evaluate the accuracy of the scenarios with respect to the reference. Figure
4-11 shows that it is required more than 80 % o#Waze users in a link to ensure a mean
speed error of less than 25 %. However, considering that ttéaze events are generated only
under jam conditions, it is necessary to evaluate the scenarios when the reference speed is
below a speed threshold, in this case, 15 km/h, as shown in Figutel?2.
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Figure 4-10 .. Comparison of the mean speed of di erent percentages Wfaze users in a
link.

Figure 4-11 .: Accuracy of the mean speed (R-squared) with respect to 100 Y0ghze users.

Figure 4-13 presents the R-squared index evaluation of the mean speed of the scenarios
respect to the reference under jam conditions. It is clear that under jam conditions, the mean
speed of some vehicles in a link closely represents the mean speed of all vehicles in the link.
In this regard, for 30 % of the vehicles reporting data, the mean speed error is less than 15 %.
It should be noted that it is necessary to carry out a eld study to verify these preliminary
results; however, this thesis considers that under congestion conditions, the average speed of
Wazeis su ciently close to the real one regardless of the number of vehicles reporting their
data. Moreover, the model does not consider delays in communications between users and
Waze either; therefore, aWaze event is considered to re ect the current state of congestion

on the road.

For simulation purposes, theNaze mean speed is emulated, assuming that more than 30 % of
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Figure 4-12 .. Comparison of the mean speed of di erent percentages Wfaze users in a
link for jam conditions.

Figure 4-13 .: Accuracy of the mean speed (R-squared) respect to 100 %V@hze users for
jam conditions.

the vehicles reporting their data. The next section presents the simulation results of FLEXI
for the case study.

4.3.3. FLEXI results

Since simulation allows to easily obtain the value of the number of vehicles in the queue,
the three steps of the methodology presented in Figure6 (three steps using linear model,
qguadratic model, and dynamic non-linear model) can be applied independently to nd the
estimated ow. Since, in this case, the test of FLEXI is performed via simulation, the emula-
ted Waze variables (SUMO variables) are reported even in low saturation conditions; thus,
the ow of vehicles is calculated at all times.
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Step 1

In the rst step, the queue of vehicles in meters is calculated using th&aze mean speed
(SUMO speed). The least-squares solution of the problem formulated in (4.8) provides the
optimal parameters that minimize the error between the measured and estimated mean
speed. The parameters that best t the linear relation between the mean speed and the
length of the queue ar&/nx = 21;02 km/h and Vi, =5 km/h. Figure 4-14 shows the linear
relationship between the mean speed and the length of the queue. The black dots are the
SUMO data and the blue line the best linear approximation found by FLEXI. Note that

the SUMO data has more dispersion when the length of the queue is small because some
vehicles cross the link with free- ow speed, while others must wait in the queue.

Figure 4-14 .: The linear relationship of the mean speedvj and the length of the queue

(h).

For the demand pro le shown in Figure4-9, the comparison of the length of queue measured
in SUMO and estimated by FLEXI is presented in Figuret-15.

Figure 4-15 .. Comparison of the length of the queue for SUMO data and FLEXI.

The queue length estimated by FLEXI has a mean error of;8 m for each sample time
(120 s), which is equivalent to a 90 % adjustment.
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Step 2

The number of vehicles in the queue from the length of the queue is calculated in the second
step by solving the least-squares problems proposed in 4.12. The parameters that best t
the quadratic function area =0;1512b= 0;0002c = 0;2641 and the results are shown in
Figure 4-16, where the length of one vehicle in the queue is 6 m for unsaturated scenarios
and 7,95 m for the maximum capacity of vehicles in the link (22 veh). Remember that when
the queue is large, the vehicles inside the queue are moving; thus, the e ective space occupied
by a vehicle increases as the speed increase.

Figure 4-16 .: Relation between the queue of vehicleg)(and the queue length ).

The comparison between the queue of vehicles measured in SUMO and estimated by FLEXI
is shown in Figure4-17. The estimation of the number of vehicles in the queue has a mean
error of 1,05 veh for each cycle time of the tra c light (120 s), which is equivalent to a 87 %
adjustment.

Figure 4-17 .. Comparison of the queue of vehicleg)for SUMO data and FLEXI.

Step 3

In the third step, the vehicle ow (demand) is calculated based on the change in the number
of vehicles in the queue related to the previous time, the green and red time of the trac
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light, and the saturation ow. The saturation ow is a parameter of FLEXI that must be
estimated to solve the non-linear optimization problem formulated in 4.24, with = [f s&].
Note that in this case, the parameter vector contains only the saturation ow because the
other parameters were obtained using an independent optimization process (least squares).
The saturation ow that minimizes the error between the measured ow in SUMO and the
estimated ow is 1650 veh/h. Figure4-18 presents the in ow of vehicles (demand) measured
in SUMO and estimated by FLEXI. The results show that the ow estimated by FLEXI has

a mean error of 51 veh/h (less than 1 veh/min) equivalent to a 7% % adjustment.

Figure 4-18 .. Comparison of the in ow of vehicles entering the link for SUMO data and
FLEXI.

The FLEXI system was tested using a simple simulation case with remarkable results sum-
marized in Table4-1.

Table 4-1 .: Summary of adjustment results of FLEXI in a simulation case.

Step Mean error Adjustment
1 8,5 meach 120 s 90 %
2 1,05veheach 120 s 87 %
3 51 veh/h 775%

The next section presents the test of FLEXI in a representative real case located in Medelln-
Colombia.

4.4. Testing FLEXI in a real case

To test FLEXI in a real case, it was necessary to establish an agreement between the Uni-
versidad Nacional de Colombia and the mobility authorities in Medelln - Colombia. As a
result of this agreement, the research group GAUNAL got funding to cover the logistic costs
associated with collecting data in the eld and developing the software for real-time im-
plementation. The most important result of this agreement was to obtain th&Vaze data
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in real-time and the actual tra c light plans required as inputs for FLEXI. This section
presents the case study description, the methodology for collecting data in the eld, the
parameter estimation, and the nal results.

4.4.1. Description of the urban tra c network

Figure 4-19 shows the urban tra c network that was chosen to implement the FLEXI
system. Here, 38 intersections regulated by tra c lights are indicated. They are part of
six signi cant road corridors in the city: San Juan Avenue, 33 Avenue, Nutibara Avenue,
80 Avenue, Bolivariana Avenue, and 65 North-Avenue. Medelln is located in the Abura
valley, which includes 10 cities connected by a metropolitan public transportation system
and roads from south to north of the valley, being Regional avenue the main one. Although
the Regional avenue is no inside of the study area, there are other alternative routes to
connect the north and the south, such as 80 Avenue and 65 North-Avenue. On the other
hand, San Juan Avenue and 33 Avenue directly connect the important communes in the east
of Medelln with the city center.

Figure 4-19 .. An urban tra c network in Medelln used as a test case to implement the
FLEXI system.

The study area shown in Figure4-19 is a commercial zone of Medelln, where hotels, bars,
restaurants, malls, and universities can be found; in other words, this zone attracts trips
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Table 4-2 .: Study case streets ID
Intersection Street ID Intersection Street ID
Av San Juan (East) 1 . Av San Juan (West) 59
i1: cll44 _cré5 Av San Juan (West) 2 i20: cll44 _av80 Av San Juan (East) 60
Carrera 65 (North) 3 Av San Juan (West) 61
Av 80 (North) 4 io1: cllad _cr79aa Av San Juan (East) 62
i av80 cll35 Av 80 (South) 5 2 - Carrera 79aa 63
2 - Calle 35 (West) 6 Av Nutibara (NorthWest) 64
Calle 35 (East) 7 Circular 73B 65
Av 33 (West) 8 iz2: tv39b _cq73b  Av Nutibara (NorthWest) 66
ia: av33 crso Carrera 80 (North) 9 Av Nutibara (SouthEast) 67
3 - Carrera 80 (South) 10 Circular 4 68
Av 33 (East) 11 i23: tv39b _cq4 Av Nutibara (NorthWest) 69
Av 33 (West) 12 Av Nutibara (SouthEast) 70
is: av33 _cr76 Av 33 (East) 13 Av San Juan (West) 71
Carrera 76 14 ioq: cll44 _cr80a Calle 43 72
Av San Juan (West) 15 Av San Juan (East) 73
is: clld4 _cr78 Av San Juan (East) 16 Circular 72 74
Carrera 78 17  ip5:tv39b _cq2 Av Nutibara (NorthWest) 75
Av San Juan (West) 18 Av Nutibara (SouthEast) 76
ig: clld4 _cr70 Av San Juan (East) 19 Av San Juan (East) 77
Carrera 70(South) 20 ioe: cllad _craa Carrera 84 (North) 78
Circular 1 (East) 21 26 - Carrera 84 (South) 79
i7: cr70 _cql Circular 1 (West) 22 Av San Juan (West) 80
Carrera 70(South) 23 Calle 33A (West) 81
Carrera 65 (North) 24 ip7: cr76 _cli33a Calle 33A (East) 82
ig: cré6b _cr65 Av Bolivariana (SouthWest) 25 Carrera 76 83
Av Bolivariana (NorthEast) 26 Calle 32F (West) 84
Circular 1 (East) 27 izg: cr76 _cll32f Calle 32F (East) 85
ig: crééb _cql Av Bolivariana (NorthEast) 28 Carrera 76 86
Av Bolivariana (SouthWest) 29 Av 33 (West) 87
Av 33 (West) 30 i2g: av33 _cr78 Av 33 (East) 88
L Av 33 (East) 31 Carrera 78 89
l10: av33 _crééa Carrera 65D (NorthEast) 32 Av Nutibara (NorthWest) 90
Carrera 65D (SouthWest) 33 P20 tv39D _CI79 Av Nutibara (SouthEast) 91
R Av 33 (Westb) 34 30- - Calle 41 92
- - Av 33 (East) 35 Carrera 79 93
Av 33 (West) 36 S Calle 44A 94
i12: av33 _cr66b Carrera 66B 37 i31: €r78 clldda Carrera 78 95
Av 33 (East) 38 Av San Juan (West) 96
Av 33 (West) 39 izp: clld4 _cr74 Av San Juan (East) 97
S Av 33 (East) 40 Carrera 74 98
l13: av80 av33 Av 80 (North) a T s Calle 43 99
Av 80 (South) 42 33 - Carrera 73 100
s Calle 43 43 . Calle 44A 101
f14: Cr65 _cli43 Carrera 65 (North) ag T cr70 clidda oo o 70(South) 102
Carrera 63C 45 iac: cr66b _cli3da Av Bolivariana (NorthEast) 103
i15: cre5 _cli38 Carrera 65D 46 3 - Av Bolivariana (SouthWest) 104
Carrera 65 (North) a7 i2c: Cr66b _cli34b Av Bolivariana (NorthEast) 105
Av San Juan (East) 43 36- - Av Bolivariana (SouthWest) 106
i16: cll44 _cr73 Carrera 73 49 Av San Juan (West) 107
Av San Juan (West) 5o la7cClM4 CB8a )\ oo Juan (East) 108
- Calle 43 51 Av 33 (West) 109
h17: €70 clia3 Carrera 70(South) 52 Av Bolivariana (NorthEast) 110
i1a: aV33 _Cr74 Av 33 (West) 53 {20 bulerias Av Bolivariana (SouthWest) 111
18- - Av 33 (East) 54 38: Av Nutibara (SouthEast) 112
Av Jardn (NorthEast) 55 Calle 32F (West) 113
. Av Jardn (SouthWest) 56 Calle 32F (East) 114
f19: V390 _q74b )\ \ytibara (NorthWest) 57
Av Nutibara (SouthEast) 58

from other zones of the city. This zone is also considered an attractive residential zone, so
many trips are also generated to other areas of the city. Since the Metro does not cross this
area, there is big a uence of private individual vehicles and public buses, particularly on
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San Juan Avenue. There is a high ow of vehicles from north to south and from east to
west due to work trips in the morning. In the afternoon, the opposite trips are generated
for the return home trips and trips generated due to the nightlife of the area; the bars and
restaurants are part of the tourist places in the city. Table4-2 shows the IDs assigned to
each of the 114 streets (edges) in the case study and relates these IDs with street names and
the intersections to which they belong. Note that the edges reported on each intersection are
only those whose ows enter the intersection, i.e., the vehicle ow controlled by the trac
light. In this regard, the edges leaving the intersection are counted as a part of downstream
intersections.

The next section presents the proposed methodology for collecting data in the eld.

4.4.2. Methodology for collecting data in the eld

The FLEXI model presented in Section 4.2 contains inputs that must be collected and
parameters to be estimated. The inputs are mainly the state of the tra c lights and the
Waze data collected by using the Web Tra ¢ Data (WTD) system (see A.2) that is part of
the FLEXI software architecture (deployment). TheWaze events contain mainly two elds
indicating their location; street and location (latitude and longitude points), as shown in
Listing 4.1. Since the street name is not enough to identify a particular link, it is necessary
to Iter the latitude and longitude points inside the link through a 2-D polygon. In this
regard, the WTD system requires a con guration le that contains the 2-D polygon of each
edge that enters an intersection. Figuré-20 shows an example of the polygon plot for data
Itering at av80 _av33.

Figure 4-20 .: Example of polygons used for ltering theWaze data at av80.av33.
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For the parameter estimation of FLEXI, it is necessary to obtain eld measurements such
as the in ow of vehicles (demand), the out ow, the length of the queue, and the trac
light times. To capture these tra c variables and relate them to the availableWaze data,

a eld data collecting process is carried out for all the edges involved in the study area of
Figure 4-19. During this process, the tra c variables were collected by a team equipped
with re ective garments of Universidad Nacional for distinguishing of others and ensuring
their security, especially by night. The design of the re ective vest and cap used is shown in

Figure 4-21.

Figure 4-21 .: Sta ng for data collection in the eld.

Due to the large size of the study area, it was necessary to have up to 20 collaborators for
data collection, who were duly trained by the work team. Figurel-22 shows a collage of
photos of collaborators collecting data in the eld.

Figure 4-22 .. Collaborators collecting data in the eld.

In addition to the garments, the collaborators had to count with a smartphone to collect
the data using an Android application calledTra ¢ Sensors [123] developed by the Uni-
versidad Nacional de Colombia and updated for the FLEXI implementation. Tra ¢ Sensors
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