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Abstract

Microscopic traffic simulation has become an important tool to investi-
gate traffic efficiency and road safety. In order to produce meaningful results,
incorporated driver behaviour models need to be carefully calibrated to rep-
resent real world conditions. In addition to macroscopic relationships such
as the speed-density diagram, they should also adequately represent the av-
erage risk of accidents occurring on the road. In this thesis, I present a two
stage computationally feasible multi-objective calibration process. The first
stage performs a parameter sensitivity analysis to select only parameters with
considerable effect on the respective objective functions to keep the computa-
tional complexity of the calibration at a manageable level. The second stage
employs a multi-objective genetic algorithm that produces a front of Pareto
optimal solutions with respect to the objective functions. Compared to tra-
ditional methods which focus on only one objective while sacrificing accuracy
of the other, my method achieves a high degree of realism for both traffic flow
and average risk.

Keywords: Calibration, Microscopic Traffic Simulation, Multiple Objec-
tive, Genetic Algorithm, Traffic Flow, Highway Safety
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Sammanfattning

Mikroskopisk trafiksimulering har blivit ett viktigt verktyg för att un-
dersöka trafik effektivitet och trafiksäkerhet. För att producera meningsful-
la resultat måste inbyggda drivrutinsbeteendemodeller noggrant kalibreras
för att representera verkliga förhållanden i världen. Förutom makroskopiska
relationer, såsom hastighetsdensitetsdiagrammet, bör de också på ett ade-
kvat sätt representera den genomsnittliga risken för olyckor som uppträder på
vägen. I denna avhandling presenterar jag en tvåstegs beräkningsberättigbar
mångsidig kalibreringsprocess. Det första steget utför en parameterkänslig-
hetsanalys för att bara välja parametrar med stor effekt på respektive objek-
tivfunktioner för att hålla kalibrerings komplexiteten på en hanterbar nivå.
Det andra steget använder en mångriktig genetisk algoritm som ger framsidan
av Pareto optimala lösningar med hänsyn till objektivfunktionerna. Jämfört
med traditionella metoder som fokuserar på endast ett mål, samtidigt som
man offrar den andra, ger min metod en hög grad av realism för både trafik-
flöde och genomsnittlig risk.

Nyckelord: Kalibrering, Mikroskopisk trafiksimulering, Flera objektiv,
Genetisk algoritm, Trafikflöde, Motorvägsäkerhet
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Chapter 1

Introduction

Microscopic traffic simulation is currently being used to develop safety studies.
The effectiveness of these studies, however, is essentially linked to how the direct
interaction between vehicles reflects reality. Usually, the movement of the agents
within simulation is governed by car-following and lane-changing behaviour models,
which are constituted by a combination of configurable parameters. Therefore,
driver models need to be properly calibrated before conclusions are drawn from
simulation results.

There are numerous ways how to calibrate these models. For safety studies,
common calibration procedures focus on matching reality’s safety performance out-
puts, such as near-miss or conflict counts [6, 7]. Other academics state that traffic
attributes such as speed, travel time, or length of queues, are inputs into safety
performance and therefore base their calibration on those measures [8, 9].

In fact, it is possible to obtain close fits on safety performance while failing at
replicating traffic conditions, as well as it is possible to mimic the traffic flow while
being unsuccessful at predicting near-misses. Consequently, an adequate calibration
procedure should address both traffic flow and safety performance simultaneously.

Moreover, several researchers raise an additional main concern about using simu-
lated conflicts in safety studies: driver models follow specific rules aimed at avoiding
collisions, and therefore, do not represent unsafe vehicle interactions [10, 11, 12].
Thus, current models need to be extended to account for human-like qualities such
as attention and aggression. Fortunately, the microscopic traffic simulator BE-
HAVE, developed at TUMCREATE, contains enhanced state-of-the-art models so
crashes are possible in the simulation environment and near-misses are more real-
istic.

The aim of this thesis is to introduce an innovative calibration procedure for
driver behaviour models, allowing traffic simulation to perform safety studies.

1
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1.1 Background

Road traffic safety is a fundamental issue around the globe. Every year, about 1.25
million people die as a result of road traffic crashes, being this the main cause of
death among those aged 15-29 [13]. Only a small proportion of these accidents
are caused by unavoidable circumstances. In the United States, for instance, the
major factor in 94 percent of all fatal crashes is human error [14]. Consequently, the
automotive industry and several tech companies are investing in advanced driver
assistance and even automated driving.

Self-driving cars are purely systematic, relying on cameras, radars, and other
sensors to navigate. There are no emotions involved, and certainly no distractions
such as cell phones or impairing factors like alcohol or drugs. The computers in a
smart car simply react quicker than our minds can and are not susceptible to the
many potential mistakes we can make on the road [15]. As a result, Autonomous
Vehicles (AVs) can potentially make our roads safer.

Moreover, a high penetration rate for AVs could enable technological strate-
gies such as platooning, which increase roadway capacity (from 2000 to 8000 vehi-
cles per hour per lane in highways [16]), and thus permit a more environmentally
friendly and efficient allocation of resources [17]. Similarly, enabling autonomous
cars, trucks, and buses to travel automatically between locations of high demand
and recharge stations, would help address issues such as congestion, space and land
use, pollution, and energy use [18]. Nonetheless, comfort and efficiency criteria are
secondary to safety.

Nowadays, it is not complicated to assess safety of cars and trucks. There
are standard crashworthiness tests in which, for instance, crash-test dummies and
sensors are used to measure the impact forces when a vehicle hits a wall at a certain
speed. Similarly, for the rollover vulnerability of trucks, a few well defined steering
manoeuvres are followed to compute a rollover "score". These results assure car
and truck buyers, government regulators, and insurance companies that the vehicle
passed the required tests and is therefore safe [19]. But how to ensure that an AV
will recognise all kinds of traffic signals? How to ensure that an AV will turn left in
a busy intersection without causing a collision? How to ensure that AVs are safe?

On the one hand, vehicle computer-based system safety is typically based on
a functional safety approach. For instance, advanced driver assistance systems
(ADAS) are presently validated by ISO 26262. However, within this certifica-
tion standard, there is generally a human driver who is ultimately responsible for
safety [20]. For the applicability of ISO 26262 on AVs, one approach would be to set
its “controllability” aspect to zero, although this would dramatically increase the
safety requirements. Whether ISO 26262 can be effectively used as-is to validate
self-driving cars is an interesting, but open question [21].

On the other hand, the standard criteria for road safety assessments is based on
fatalities and killed or seriously injured (KSI) rates, usually per billion passenger
kilometres [22]. Therefore, for AVs to be safe, they should produce lower fatalities
and KSI rates than conventional vehicles. In fact, for consumers to accept AVs,
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Table 1.1: Passenger fatalities per billion passenger kilometres in the United States,
from 2000 to 2009 [4]

Riding a motorcycle 342.10
Driving or passenger in a car or light truck 11.72
Passenger on a local ferryboat 5.10
Passenger on commuter rail and Amtrak 0.69
Passenger on urban mass transit rail (2002-2009) 0.39
Passenger on a bus 0.18
Passenger on commercial aviation 0.11

these need to be considerably safer than conventional vehicles. But, even if we
assumed that self-driving cars are actually as safe as planes, which have a fatality
rate a hundred times lower than cars and light trucks (Table 1.1), how can safety
be assessed before AVs are commercialised?

The answer is rather discouraging. A high precision in measuring AV safety
requires a great number of vehicles to be deployed, thereby increasing exposure to
risk [23]. If the desired fatality rate is aviation-type, AVs would be expected to
travel 10 billion kilometres before they encounter a fatal collision. According to
MobilEye, 10 billion kilometres would mean recording the driving of 3.3 million car
over a year [24]. Nevertheless, introducing into the road network 3.3 million of AVs,
whose software has not yet been validated, is certainly not feasible.

Some researchers agree that a gradual implementation of self-driving cars would
be the most sensible solution [25]. The initial deployment of a small number of
vehicles would be used to further gather data and demonstrate some degree of safety.
Meeting these requirements would not generate sufficient information to measure
safety performance, but could represent a necessary compromise between fostering
innovation and managing risk [26]. This trade-off between risk and uncertainty is
clearly present in other domains, such as pharmaceutical licensing: Before a drug
is commercialised, its effectiveness and side effects must be demonstrated through
a series of clinical trials with growing populations [27].

Indeed, this approach is recognised in several states in the US, including Califor-
nia, Texas, Nevada, Pennsylvania, and Florida [28]. Although self-driving cars are
not permitted on the market, some automotive companies and tech giants are au-
thorised for testing in public roads. Presently, at least 11 manufacturers are actively
testing their autonomous software on US roads. The list includes: Bosch, Delphi
Automotive, Waymo (former Google self-driving car project), Nissan, Mercedes-
Benz, Tesla Motors, BMW, GM, Ford, Honda, and Volkswagen Group of America.
By July 2018, the by-far-leader in autonomous kilometres driven, Waymo, had
driven 13 million kilometres since 2009 [29]. Although impressive, this number is
far from the desired 10 billion kilometres.

Moreover, software often requires from updates. Within the self-driving busi-
ness, these updates need to be somehow validated before they are pushed to an



4 CHAPTER 1. INTRODUCTION

entire fleet of vehicles. According to Waymo’s Safety Report from 2017 [30], sim-
ulation is essential for validating software before its implementation. In addition,
they identify the most challenging situations their vehicles encounter on public
roads, and turn them into virtual scenarios for their self-driving software to prac-
tice. Each day, as many as 25 thousand virtual Waymo vehicles drive up to 130
million kilometres in simulation.

From training to testing, simulation improves autonomous driving outcomes. It
is economical, saves time, and facilitates testing scenarios that would be unsafe or
impractical in the real world [31]. While it is still necessary to evaluate new self-
driving technologies on actual roads, simulation allows us to supplement those real-
world driving hours, making roads safer for everyone. In fact, most AV companies
follow similar test approaches, which usually includes a combination of simulation,
test track, and on-road testing [32].

However, it will take a long time for these companies to reach the desired dis-
tance goal of 10 billion kilometres. A possible alternative would be to focus on
reducing all car-related crashes, not only fatal crashes. Since there are more mi-
nor crashes than fatalities on the road, the required driven distance for validation
would be drastically reduced. Nonetheless, accident data is in most cases limited
and inaccurate [33].

Researchers have always tried to find new methods to assess safety, accounting
for common events rather than rare crashes. In the late 1960’s, at the Detroit
General Motors laboratory, Perkins and Harris [34] proposed the concept of traf-
fic conflicts as an alternative to accident data. They defined a traffic conflict as
any potential accident situation leading to the occurrence of evasive actions such
as braking or swerving [35]. The potential of this technique attracted attention
from road safety researchers in different parts of the world, and conferences and
workshops were held to establish conflict standards [36, 37, 38, 39].

As an attempt to further expand the Traffic Conflict Technique (TCT), Fed-
eral Highway Administration (FHWA) sponsored a research project to investigate
the potential of surrogate measures of safety for existing simulation models [40].
Therein, they developed the Surrogate Safety Assessment Model (SSAM). By us-
ing this tool, many traffic simulators have integrated the TCT in order to evaluate
the impact on road safety of, e.g, a new street or intersection layout as well as
upcoming technology such as AVs.

1.2 Motivation

The main concern of using simulation for a critical task, such as safety studies, is the
trustworthiness of the results: the simulation can only show what the underlying
behavioural models allow. The meaningfulness of a simulation therefore strongly
depends on its capability of representing realistic movement of vehicles and their
interaction with each other. At the same time, field experiments alone usually
cannot provide statistical evidence unless carried out in an extensive number.
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Ideally, a mixture of both methods should be applied to evaluate new traffic en-
vironments: field experiments to understand the ground truth of the to-be-modelled
system and to capture effects that might have been overlooked (or are difficult to
represent) in a simulation environment, and simulations to efficiently cover a larger
system and parameter space. The key challenge here is calibration, i.e., to make
the simulations as realistic as possible by tuning the parameters of the models so
the observed system behaviour reflects the recorded empirical data.

Calibration of complex simulation models is a non-trivial task. First, it has to
be determined which input parameters of the model should be calibrated, which
range of values is allowed and what is the desired output of the calibration, that
is, which aspect of reality does the simulation experiment want to capture. In the
context of road safety, this could be the number of accidents, injuries or fatalities
– the latter two requiring detailed models of vehicle physics. Since these events are
rare and most mobility models in microscopic traffic simulation are collision-free,
usually the number of traffic conflicts (or near-misses) is taken into consideration
instead.

When solely calibrating underlying driver behaviour models to produce the same
number of traffic conflicts in simulation as observed in real life, there is a risk that
other important properties of the system will be overlooked. These properties
can include the flow on the investigated road segment, the speed of vehicles or
the number of lane changes. I therefore argue that choosing a single measure of
performance (MOP) to calibrate the system is insufficient and that the underlying
calibration algorithm should find a balance of multiple performance measures.

By following an adequate multi-objective calibration procedure, simulation mod-
els would be able to replicate the movement and interactions of vehicles. There-
fore traffic simulators would be recognised as safe and cost-efficient environments
for safety evaluations of new strategies such as self-driving cars. Moreover, their
software would be effectively trained in realistic surroundings against human-like
behaviours.

The faster the self-driving software is trained and validated, the sooner AVs will
arrive into our roads, and therefore the more lives will be saved from fatal traffic
crashes.

1.3 Research Questions

The aim of this master’s thesis is to introduce a general calibration procedure for
microscopic traffic simulation. Results will be compared with those from default
models and state-of-the-art single-objective calibrations. Furthermore, this research
intends to implement the TCT into BEHAVE, and to prepare the simulator for
performing safety studies.

Therefore, research questions are as follow:

• Is calibration of driver behaviour models essential?
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• Do models calibrated through a multi-objective GA reproduce reality more ac-
curately than those calibrated through state-of-the-art single-objective GAs?

1.4 Research Contributions

This thesis presents a multiple-objective Genetic Algorithm (GA) calibration for
car-following and lane-changing behaviour models. My contributions include:

• Introduction of an extension of IDM and MOBIL to incorporate attention
and aggression.

• Demonstration that standard parameters found in the literature are not suf-
ficient to generate a realistic simulation environment.

• Further illustration that optimising only for one MOP will lead to undesired
differences of other important traffic characteristics.

• Prove that my calibration approach is feasible using four different target mea-
sures to capture both traffic flow and traffic conflicts.

1.5 Thesis Organisation

The remainder of this thesis is organised as follows: In Chapter 2, it is discussed
the theoretical background of this study. The system model and used simulator
are presented in Chapter 3, as well as the output metrics regarding traffic flow and
safety performance. In Chapter 4 the calibration process, results, and discussion
are introduced. My work is concluded and future steps are discussed in Chapter
5.



Chapter 2

Theoretical Background

This chapter covers the theoretical background required to properly understand
Chapters 3, 4, and 5. Therefore, the next sections introduce the fundamental
relations of traffic flow, followed by a description of TCT indicators, and finishing
with a literature review of safety studies based on the TCT.

2.1 Fundamental relations of traffic flow

BEHAVE includes several car-following and lane-changing behaviour models, all of
which have variable parameters to represent diverse driver performances. Some of
them, such as aggression, maximum acceleration, or politeness, have an influence
in how drivers manage their speed when in an interaction with another agent.
Therefore, the traffic flow relations extracted from simulation depend on the models’
parameters choice. For the simulation to produce real flow dynamics, fundamental
relations such as flow-density, speed-density, and speed-flow must be similar to the
ones derived from the real world. The nature of these relations need to be known to
properly understand results from this thesis, so a brief explanation is here presented.

Figure 2.1: Vehicles moving from B to A through a v kilometres road section [1]

7
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The relationships between the fundamental variables of traffic flow, namely
speed, volume and density, are called the fundamental relations of traffic flow [1].
These can be represented through the following simple example: In a one-lane road
of length v km, assume that all the vehicles are moving at a constant speed of s
km/h [Figure 2.1]. Assume as well, that the observer A counts vehicles for during
t hours, which is the time required for a vehicle to move from B to A at a speed s,

t =
v

s
(2.1)

Let the number of vehicles counted by the observer A be n1. By definition, flow
(q) is the rate at which vehicles pass a given point on the roadway, and is normally
given in terms of vehicles per hour [41]. Therefore,

n1 = q · t (2.2)

Similarly, density (k) is the number of vehicles present on a given length of road.
Normally. density is reported in terms of vehicles per kilometre [41]. Therefore,
the number of vehicles on the road from B to A is computed as,

n2 = k · v (2.3)

Since all vehicles have the same speed s, the number of vehicles counted by A
in t hours must be equal to the number of vehicles in the road of v kilometres (ie
n1 = n2). Therefore, by combining equations (2.1, 2.2, and 2.3),

q = k · s. (2.4)

This is the fundamental equation of traffic flow. This equation represents the
relation between the traffic flow, the density, and the average speed on a given road.
Their representations are known as the fundamental diagrams of traffic flow.

2.1.1 Flow-density relation

For a given stretch of road, flow and density depend on each other, as shown in
Figure 2.2. When density is zero, as in point O, flow is zero too, since there are no
vehicles on the road. On point C, density increases until it saturates the traffic by
creating a jam (kjam), the average speed becomes zero and so does the flow. Between
zero density and jam density, there must be a density that yields maximum flow,
as in B.

Figure 2.2 also shows points D and E, which have the same flow but not density,
as a result of different average speeds. The average speed at point D is the slope
of the line OD, while at point E is the line OE’s slope. In addition, the graph
represents the free-flow speed as the inclination of the line OA.
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Figure 2.2: Flow-density curve [1]

2.1.2 Speed-density relation

When the density is minimum, the speed is maximum, also known as free-flow speed.
Contrarily, the speed is zero when the density reaches the jam point. However, as
represented by dotted lines in Figure 2.3, the relationship speed-density does not
need to be linear, as will be demonstrated later on.

2.1.3 Speed-flow relation

The same can be derived from Figure 2.4: The flow is zero when there is no vehicles,
and it is also zero when a traffic jam is created and they cannot move; The maximum
flow Qmax is accomplished at a speed u, which is somewhere between zero and the
free-flow speed; It is possible to have two different speeds for a given flow.

During the calibration of the driver models parameters in the next chapter, the
relation speed-density (shown in Figure 2.3) from simulated data tries to resemble
the one extracted from real world data. In addition, through calibration, simula-
tion tries to match the relation conflicts-density, by applying the TCT. There are
numerous methods to account for conflicts within the TCT, in the next section I
introduce some of the best-known indicators.
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Figure 2.3: Speed-density curve [1]

2.2 Traffic Conflict Technique Indicators

In order to apply the TCT in practice, many surrogate safety indicators have been
proposed. Basically, a surrogate safety indicator is an equation or a group of equa-
tions, which given the necessary parameters (normally position and speed of two
consecutive vehicles), computes a value to describe a car-following scenario. If the
computed value surpasses a certain pre-selected threshold, the scenario is recog-
nised as dangerous. Moreover, some indicators not only discern between safe and
non-safe situations, but also rank the severity of the conflict. The units for the
indicators values are usually time (in seconds), distance (in metres), or acceleration
(in metres per second square). In this study, some of them are explained together
with a brief mathematical equation to calculate them.

Most of the safety indicator values, such as those from the famous Time-to-
Collision (TTC), are inversely proportional to the risk that they aim to represent.
That is to say, the lower the TTC is, the higher the risk of a collision will be [42].
In order to transform these safety surrogate outputs into indicators of risk, they
can be compared to their respective thresholds. Therefore,

IRij =

{
S∗j − Sij , if S∗j > Sij

0, otherwise , (2.5)

where IRij represents the Individual Risk (IR) of a conflict scenario i measured
by the indicator j, Sij describes the indicator’s value for scenario i measured by
surrogate j, and S∗

j denotes the threshold for the indicator j.
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Figure 2.4: Speed-flow curve [1]

2.2.1 Time to Collision (TTC)

TTC is defined as ’the time that remains until a collision between two vehicles
would occurred if the collision course and speed difference are maintained’ [43].
The minimum TTC (TTCmin) during the approach of two vehicles on a collision
course is taken as an indicator for the severity of a conflict [44].

TTC can be expressed as,

TTCi[n] =
xi−1[n]− xi[n]− li−1

vi[n]− vi−1[n]
, (2.6)

where n is the discrete instant of study, xi[n] is the position of the vehicle i,
vi[n] its speed, and xi−1[n], vi−1[n], and li−1 are the position, speed, and length of
the preceding vehicle, respectively.

A critical or threshold value (TTC∗) should be chosen to distinguish between
relatively safe and critical encounters [44]. It is crucial to choose an adequate
threshold value for each case study. When analysing intersections, for instance, low
TTC values are more frequent than in freeways, therefore the limit for TTC has
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to be modified accordingly. Research has shown that a desirable TTC threshold
of 1.5 seconds for intersections is adequate [45, 46, 47, 7], while for rural roads
or highways, the desirable value increases to around 3 seconds [48, 49, 50, 51]. As
explained in the section before, TTC is inversely proportional to the risk that it aims
to represent. Therefore, the TTC values together with the appropriate threshold
need to be added into equation (2.5), to be transformed into IR.

Since TTC’s technique assumes that consecutive vehicles will keep constant
speed, conflicts related to acceleration or deceleration variations will not be consid-
ered. Moreover, TTC can provide the magnitude of crashes but not their severity
[44]. However, this indicator is suitable for rear-end, turning, and crossing conflicts
analysis. It is not only the most common indicator in traffic safety research, but is
also used in many automobile collision avoidance or driver assistance systems as a
warning criterion [52].

2.2.2 Extended Time to Collision (TET, TIT)

Minderhoud and Bovy [53] proposed two extended versions of TTC, using the same
equation (2.6) and thresholds commented before. Usually, a near-crash is char-
acterized by its TTCmin, with no regard for the duration of that specific event.
Differently, Time Exposed Time to Collision (TET) defines the level of the conflict
by considering the time spend under the TTC threshold and Time Integrated Time
to Collision (TIT) by measuring the integral of the TTC-profile under the same
threshold.

2.2.2.1 Time Exposed TTC (TET)

TET describes the total time spent in safety-critical situations [44], that is to say,
the time spent under the TTC decided threshold. Unlike the common TTC, TET
is already proportional to the risk; the longer the time, the more likely the vehicle
is to be involved in a collision. Therefore, TET does not need a transformation into
IR, and it is calculated as follows,

TETi =

N∑
n=0

(δ · τsc), (2.7)

where τsc is the time step (e.g. 0.1 s) for which the TTC is assumed to be
constant, and δ is a switching variable which is 1 when TTC for the vehicle i
at the discrete instant n is smaller than the threshold TTC∗ and 0 otherwise.
Mathematically,

δ =

{
1, if TTC∗ > TTCi[n]
0, otherwise . (2.8)

According to its developers, the TET indicator value is especially useful in a
comparative analysis of scenarios.
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2.2.2.2 Time Integrated TTC (TIT)

Similarly to TET, TIT takes into account the time spent under a TTC threshold.
However, TIT also considers the level of the conflict by integrating TTC over time.
It is calculated as follows,

TITi =

N∑
n=0

[(TTC∗ − TTCi[n]) · δ · τsc], (2.9)

where τsc is again the time step for which the TTC is assumed to be constant, n
is the discrete instant, δ is a switching variable (2.8), TTC∗ is the selected threshold,
and TTCi[n] is the TTC value at instant n. (TTC∗ − TTCi[n]) calculates the IR
similarly as in (2.5), therefore, TIT does not need further transformation.

2.2.3 Modified Time to Collision (MTTC)

Additionally, Ozbay et al. [54] developed a different indicator by modifying TTC.
Alike TTC, MTTC considers position and speed of the vehicles involved in the
conflict to calculate the time remaining for a collision to happen, however, MTTC
additionally includes the acceleration of the vehicles into the equation. As result
of this adjustment, MTTC aims to overcome one of the main limitations of TTC,
which is the omission of conflicts generated by acceleration discrepancies. The
modified indicator is calculated as follows,

MTTCi[n] =
−∆v[n]±

√
(∆v[n])2 − 2∆a[n]∆x[n]

∆a[n]
, (2.10)

where ∆x[n] is the distance between the leading vehicle i− 1 and the following
vehicle i at instant n, ∆x[n] = xi−1[n]− xi[n], ∆v[n] is the relative speed, ∆v[n] =
vi−1[n]− vi[n], and ∆a[n] is the relative acceleration, ∆a[n] = ai−1[n]− ai[n]. The
plus-minus sign (±) provides two solutions for a single MTTC, the appropriate
choice is that which yields the minimum positive result [54].

Similarly to TTC, MTTC also requires of a threshold to discern between safe
and critical situations, and needs to be transformed into IR through equation (2.5).
Moreover, neither of them give enough indication about the severity of the potential
collision. Therefore, Ozbay et al. further proposed a new Crash Index (CI) to
incorporate additional factors and reflect the severity of a potential crash [54].

2.2.3.1 Crash Index (CI)

This supplementary indicator is based on kinetic energy to interpret the power of
a potential collision, and it is calculated as follows,

CIi[n] =
(vi−1[n] + ai−1[n] ·MTTCi[n])2 − (vi[n] + ai[n] ·MTTCi[n])2

2 ·MTTCi[n]
, (2.11)
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where v[n], a[n], and MTTC[n] are as just explained above. For a more precise
calculation, the inclusion of the vehicles’ weight would be necessary. However, since
this information is generally unknown, the mass of the automobiles is assumed to
be constant and not included in the formula.

2.2.4 Time Headway (H)

H is one of the simplest conflict indicators. It estimates the criticality of a certain
traffic situation by measuring the time that passes between two vehicles reaching
the same location [44]. It is calculated as follows,

Hi[n] =
xi−1[n]− xi[n]

vi[n]
(2.12)

where x[n] and v[n] are position and speed at the instant n, of both leading
i − 1 and following i vehicles. National road administrations around the world
recommend to keep a minimum time headway of 2-3 seconds to the vehicle in front
[47, 55]. Therefore, a similar threshold is suggested to detect dangerous situations
and to be applied in equation (2.5) to translate H into a risk function.

2.2.5 Proportion of Stopping Distance (PSD)

Allen et al. [56] developed a distance based indicator named PSD. It is defined as
the ratio between the remaining distance to the potential point of collision and the
minimum acceptable stopping distance, and it is calculated as follows,

PSDi[n] =
RDi[n]

MSDi[n]
(2.13)

where RD is the remaining distance to the potential point of collision andMSD
is the minimum acceptable stopping distance, which are defined as,

RDi[n] = TTCi[n] · vi[n], (2.14)

and

MSDi[n] =
vi[n]2

2d
, (2.15)

where vi[n] is the speed of the vehicle i at instant n, TTCi[n] is its TTC, and
d is a maximum acceptable deceleration rate. Guido et al. recommended a d of 4
m/s2 [57], meaning that a car-following scenario is considered a conflict when the
deceleration needed to avoid a collision is greater than 4 m/s2. Accordingly, PSD
values that show dangerous situations are between 0 and 1. Nonetheless, PSD is
inversely proportional to the risk it represents, therefore has to be introduced into
equation (2.5) together with a threshold of 1.
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2.2.6 Difference of Space distance and Stopping distance (DSS)

DSS is defined by the difference of the space and stopping distance as shown in
equation (2.16) [58]. This indicator hypothesises an emergency stop of the leading
vehicle and a similar reaction of the following vehicle. It is considered a conflict if
the vehicles do not collide in this hypothetical situation. DSS is defined as,

DSSi[n] =

(
vi−1[n]2

2µg
+ di−1,i[n]

)
−
(
vi[n] ·R+

vi[n]2

2µg

)
, (2.16)

where n is the discrete instant of study, vi[n] and vi−1[n] are the speeds of the
following and preceding vehicle, respectively, µ is the friction coefficient, g is the
gravity acceleration, R is the reaction time of the following driver, and di−1,i[n] is
the distance between both vehicles, defined as di−1,i[n] = xi−1[n] − xi[n] − li−1,
where xi[n] and xi−1[n] are the positions of the following and preceding vehicle,
respectively, and li−1 is the length of the leading vehicle.

By definition, DSS is the hypothetical distance between vehicles once these have
completed their emergency stop. Therefore, a negative DDS indicates a dangerous
situation, since the following vehicle does not have enough space to react to a
sudden stop of the leading vehicle.

2.2.7 Aggregated Crash Index (ACI)

The ACI is a tree-structured crash surrogate metric proposed by Kuang et al. [5], in
which a hypothetical deceleration is imposed to the leading vehicle in a car-following
scenario. Through four levels of conditions, eight different possible conflict types
are defined, as shown in Table 2.1.

In Table 2.1, d is the hypothetical deceleration, ∆x[n] is the distance between
the leading i− 1 and following i vehicle (∆x[n] = xi−1[n]−xi[n]), vi−1[n] and vi[n]
are the speed of the leading and following vehicle respectively, R is the reaction time
of the following vehicle, P (Lj)[n] is the probability of conflict Lj in the car-following
scenario, and MADR is the maximum available deceleration rate. There are some
other variables in Table 2.1 that require from an equation to be expressed, such as
stopping time of the leading vehicle Ti−1[n] (2.17), the minimum deceleration rate
required to avoid a collision BRAD[n] (2.18 and 2.19), and the times TA[n] (2.20)
and TB [n] (2.21), mathematically,

Ti−1[n] =
vi−1[n]

d
, (2.17)

BRAD1[n] =
v2
i−1[n]

2(vi−1[n]
2·d + ∆x[n]− vi[n] ·R)

, (2.18)

BRAD2[n] = d+
(vi[n]− vi−1[n] + d ·R)2

2∆x[n] + 2R(vi[n]− vi−1[n]− d
2 )
, (2.19)
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TA[n] =
∆x[n]

vi[n]
+

v2
i−1[n]

2d · vi[n]
, (2.20)

TB [n] =

√
(vi[n]− vi−1[n])2 + 2d ·∆x[n]− (vi[n]− vi−1[n])

2 · d
, (2.21)

where BRAD1 is suitable for a conflict Lj in which the leading vehicle stops
earlier or at the same time as the following vehicle, while BRAD2 works for the
scenario when the following vehicle stops before the leading vehicle [59]. For a better
accuracy in the results, reaction times and braking capacities should be scenario-
specific. However, since the required data is often not available, distributions of the
deceleration capacities of vehicles and drivers’ reaction times were introduced into
the calculation of the ACI [5]. For the reaction time R, a lognormal distribution
with 0.92 s mean and 0.28 s standard deviation was suggested by Triggs and Harris
[60], while Saccomanno et al. [61] recommended a truncated normal distribution
for the MADR. Finally, ACI for the vehicle i at instant n is calculated as follows,

ACIi[n] =

8∑
j=1

P (Lj)[n] · CLj , (2.22)

where CLj is the cost incurred at each leaf node Lj , which is also shown in Table
2.1. Since there are no boundary conditions within the ACI, this does not require
of a threshold at it directly represents the crash risk.

Independently on the correlation between conflicts and actual crashes, these
indicators describe interactions between two vehicles. Some of them focus on the
distance from a vehicle to the next, while others focus on the speed difference.
Therefore, two car-following scenarios can have, for instance, equivalent PSD but
different CI.

This thesis aims to calibrate driver behaviour models so the interactions between
vehicles from reality are matched as closely as possible. Accordingly, the more
indicators that simulation is able to replicate from reality, the better the interaction
between agents is represented.

However, for simplicity purposes, I decided to focus on matching the output
of only one indicator. Some of these indicators are promising, such as ACI, but
have not been validated yet. In contrast, TTC has been validated the most, being
the best-known surrogate safety indicator there is. Moreover, its simplicity makes
conflicts easily understandable. Therefore, I use TTC for accounting for conflicts
and estimating safety performances throughout this thesis.

2.3 Safety studies based on the Trafic Conflict Technique

The TCT’s aim is to assess risks before accidents happen. Since conflicts are far
more common than crashes, the effectiveness of any safety program could be esti-



2.3. SAFETY STUDIES BASED ON THE TRAFIC CONFLICT TECHNIQUE17

Table 2.1: Aggregated Crash Index tree structure and leaf nodes [5]

Conflict Condition Condition Condition
type τ1 τ2 τ3
A1 R ≥ Ti−1 R ≥ TA -
B1 R < Ti−1 R ≥ TB -
A211 R ≥ Ti−1 R < TA TTC(R) ≥ (Ti−1 −R)/2
A210 R ≥ Ti−1 R < TA TTC(R) ≥ (Ti−1 −R)/2
B211 R < Ti−1 R < TB TTC(R) ≥ (Ti−1 −R)/2
B210 R < Ti−1 R < TB TTC(R) ≥ (Ti−1 −R)/2
B220 R < Ti−1 R < TB TTC(R) < (Ti−1 −R)/2
B221 R < Ti−1 R < TB TTC(R) < (Ti−1 −R)/2

Conflict Condition Leaf node Probability Outcome
type τ4 Lj P (Lj) CL,j

A1 - L1 P (L1) 1
B1 - L1 P (L4) 1
A211 BRAD1 > MADR L2 P (L2) 1
A210 BRAD1 ≤MADR L3 P (L3) 0
B211 BRAD1 > MADR L6 P (L6) 1
B210 BRAD1 ≤MADR L5 P (L5) 0
B220 BRAD2 ≤MADR L7 P (L7) 0
B221 BRAD2 > MADR L8 P (L8) 1

mated in a shorter period of time. First, however, the correlation conflicts-crashes
must be validated, which has been shown not to be a trivial issue.

2.3.1 Are crashes and conflicts correlated?

Some studies have positively supported the TCT validity, but others have failed
[62, 44]. The main fundamental concern is the fact that accidents are rare events.
Furthermore, the biggest problem with regard to the quality of accident statis-
tics is related to the dilemma of under-reporting. In surveys conducted during
the early 1980’s by Statistics Sweden (SCB), the police reported statistics were
found to explain only 37% of the total number of people injured in traffic accidents
[63]. Therefore, accident data-sets are usually too limited to estimate a conclusive
relationship between conflicts and collisions.

One of the examples that successfully provides prove for the TCT validity is the
study by Migletz, Glauz, and Bauer, in 1985 [64]. Therein, they commented that
traffic conflicts are good surrogates of accidents in that they produce estimates of
average accident rates nearly as accurate, and just as precise, as those produced
from historical accident data. Later, in 1999, Sayed and Zein found a statistically
significant correlation between frequency of traffic conflicts and collisions for sig-
nalised intersections [33]. The TCT proved to be a useful diagnostic instrument
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to identify and compare existing and potentially different safety problems at four
intersections along Hornsgatan, Stockholm, in a thesis conducted by Archer [63].
More recently, El-Basyouny and Sayed’s study also showed positive empirical evi-
dence that conflict techniques can be used to estimate the safety of locations [35].
However, whether or not conflicts are correlated with crashes is not within the
scope of this thesis. An adequate study of this correlation would need extensive
detailed trajectory data and reliable historic collection of crash-data from several
public roads.

Nonetheless, the explained TCT on the field is not suitable for brand-new coun-
termeasures that have not been implemented yet. In behalf of various advantages
and disadvantages, these countermeasures must be properly analysed before their
adoption to make the most effective decisions [54]. Accordingly, traffic safety anal-
ysis based on the microscopic simulation approach has recently gain popularity.

2.3.2 Traffic simulation for safety studies

The application of microscopic traffic simulation in the field of traffic safety was
initially recognised by Darzentas et al. [65]. They simulated different traffic flows
entering a T-Junction, and observed that conflicts increase linearly with flow on the
main road, as expected from analytic studies. Later on, Archer and Kosonen tested
a driver behaviour model created by Rumar [66] in their HUTSIM microsimulator
for the study of conflicts [67]. Their study showed great promise and had signif-
icant implications for future traffic safety research. Nonetheless, criticism against
simulated conflicts rose rapidly due to two main concerns: first, driver behaviour
models follow specific crash avoidance rules, and therefore fail to explain the rela-
tion between high risk behaviour and crashes [12, 8]. Second, the effectiveness of
simulation in safety studies lies in its ability to accurately model the interaction
that occurs between vehicles, which was shown to be non-trivial [68, 69].

Accordingly, one of the most important stages in simulation is to ensure that
model parameters are determined based on observational data, and that they gener-
ate conflict reports that can be verified from real-world observations [6]. Therefore,
several studies have been carried out with a focus on calibration and validation of
simulation models. Brockfeld, Kühne, and Wagner [70], for instance, calibrated ten
microscopic models with test track data from Japan, minimising travel time and
headway errors. Schultz and Rilett [69] determined the CORSIM parameters to
match traffic volume and travel time data from Houston, Texas. Cheu et al. [71]
used a GA to calibrate FRESIM for Singapore expressway traffic flows, just to name
a few.

As an attempt to further expand the Traffic Conflict Technique (TCT), FHWA
sponsored a research project to investigate the potential of surrogate measures of
safety for existing simulation models [40]. Therein, they developed a Surrogate
Safety Assessment Model (SSAM). SSAM identifies conflict events by processing
detailed vehicle trajectory data from traffic simulation software such as AIMSUN,
Paramics, TEXAS, and VISSIM, all of which collaborated on the project. In
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SSAM’s final report [72], Gettman et al. conducted a theoretical validation to
assess the use of their tool to recognise the relative safety of pairs of design alter-
natives in eleven case studies that include intersections and interchanges. Results
showed that SSAM could recognise statistically significant differences in the total
number of conflicts for both design alternatives under equivalent traffic conditions.

Recently, Essa and Sayed [12] investigated the relationship between field mea-
sured conflicts and simulated conflicts at an urban signalised intersection in Surrey,
British Columbia, Canada. They proposed a simplified two-step calibration of
VISSIM driving behaviour parameters. First, they balanced the simulated desired
speed and arrival type in order to match average delay time. Then, by imple-
menting SSAM, a sensitivity analysis and a subsequent GA technique were applied
to determine the optimal parameter configuration regarding the simulated rear-
end conflicts. Using this methodology, they subsequently compared VISSIM with
PARAMICS [73]. Similarly, Cunto and Saccomanno [6] proposed a calibration
in which first traffic flow and then conflict level were matched to real conditions.
However, these studies share a common limitation in that safety performance is
calibrated by a single-objective GA that disregards its effect on the traffic flow.
Ideally, the calibration procedure should include both traffic attributes and safety
as objectives, since they are essentially linked [8]. Moreover, the driver behaviour
models implemented in existing microscopic traffic simulators follow specific rules
aimed at avoiding collisions. Therefore, it is challenging to represent unsafe vehicle
interactions and near misses.

Overall, research has recognised great potential in both TCT and microscopic
traffic simulation for safety evaluations. Several studies have indicated that there
is a strong relation between real and simulated conflicts, however, the effectiveness
of these studies is limited by their calibration approach. This thesis presents a
holistic calibration procedure for safety studies that takes into account both traffic
flow and safety performances. My goal in doing so is to improve the applicability
of microscopic traffic simulation to road safety.

2.4 Summary

In this chapter I covered the theoretical background of this thesis’ methodology:
The fundamental relations of traffic flow presented here, namely, speed-density,
flow-density, and speed-flow, are observed on real data in Chapter 3. Moreover,
I introduced several TCT indicators, from which I decided to select the famous
TTC to assess safety performance of both reality and simulation. Finally, I pointed
out potentials and limitations of traffic simulation for safety studies by reviewing
previous literature.





Chapter 3

Experimental Setup

3.1 System Model

The traffic simulator utilised in this study is the Behaviour Evaluation of Human
and Autonomous VEhicles (BEHAVE) tool based on CityMoS [74]. The main
purpose of the BEHAVE simulator is to study mixed traffic between autonomous
and conventional vehicles as well as the evaluation of a wide range of AV-related
policies such as dedicated AV lane or platooning regulations.

To achieve this, behaviour models for both the human drivers as well as the
autonomous vehicles have to be extended and calibrated. In this study, I focused
on the calibration for the human driver behaviour models. To this end, real vehicle
traffic data has been obtained from the FHWA-sponsored project Next Generation
SIMulation (NGSIM) [75]. This data set contains high resolution real world data
from a highway section in California under changing traffic conditions, i.e., from
almost free flow to a congested state.

I configured BEHAVE to simulate a dynamic 1600 meter-long stretch of highway
with five lanes. According to the speed limit of the real world data, I set the desired
speed of all agents, i.e., vehicles, to 112 km/h (70 miles per hour). The simulated
highway section is part of an endless highway and moves dynamically with one
pre-selected vehicle. To study traffic characteristics, I had to gather data from
different traffic density and speed levels. Therefore, the number of simulated agents
was linearly increased with time for a total of 80 minutes, describing a congestion
evolution.

3.1.1 Behaviour models

The BEHAVE simulator contains implementations of known car-following and lane-
changing models which can be customised before and during the simulation. This
study focused on the enhanced Intelligent Driver Model (IDM) from Treiber et
al. [76], and on the Minimizing Overall Braking Induced by Lane Changes (MOBIL)
model, also from Kesting, Treiber, and Helbing [77].

21
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The enhanced IDM describes the dynamics of the positions and velocities of
single vehicles through two ordinary differential equations. Within them, there are
six configurable model parameters: desired velocity v0 is the velocity the vehicle
would drive at during free flow traffic; minimum spacing s0 is the minimum desired
distance to the vehicle in front, especially important when the vehicles are stopped;
desired time headway T is the preferred time gap that is kept between the vehicle
and its predecessor; acceleration a is the maximum preferred acceleration of the
vehicle; comfortable braking deceleration b is the maximum preferred deceleration;
coolness factor c describes how reliant a driver would be on the vehicle in front
continuing to drive without major changes in acceleration. However, enhanced
IDM incorporates collision-free behaviour which is sub-optimal for safety studies.
This version of the IDM has been extended by adding some human-typical factors
such as aggression and attention to the already existing IDM, so crashes are possible
in the simulation environment and near-misses are more realistic.

The lane-changing model MOBIL contains three additional parameters: polite-
ness p is used as a weight for how much the change in comfort of other vehicles
is considered relative to your own; acceleration threshold ∆ath is the potential ac-
celeration gain required to motivate a lane change; and bias adds a ’keep-right’
tendency

The aggression of a driver G ∈ [0, 1] modulates the preferred speed and time
headway parameters of IDM, the politeness factor, and the acceleration threshold
factors of MOBIL:

ṽ0 = v0(1 + 0.5G) (3.1)
T̃ = T (1− 0.5G) (3.2)
p̃ = p(1− 0.9G) (3.3)

ãth = ath(1− 0.9G) (3.4)

The attention of the driver A ∈ [0, 1] is a process, which if unaltered will asymp-
totically return to 1 modulated by λ set to 0.99. Alternatively, with probability f
(distraction intensity) the value of the attraction term will be reduced by a random
number uniformly distributed between 0 and and the current attention value:

A[i+ 1] =

{
λ(A[i]− 1) + 1 w.p. 1-f
A[i]− x w.p. f

, (3.5)

where X ∼ U [0, A[i]].
At every time step the car-following model will simply not be executed with

probability 1 − ATT . Similarly, the vehicles at neighbouring lanes, which should
be considered by the lane changing model will not be detected with the same
probability.

I will refer to these new models as EIDM-E and MOBIL-E.



3.2. OUTPUT METRICS: FLOW AND AVERAGE RISK 23

Vehicles should show diverse behaviours to emulate reality. Research has shown,
for instance, that headway times generally follow a normal distribution among
drivers [78]. In this study, I assumed that all other driver characteristics, such as
aggression, maximum acceleration, or politeness, follow as well normal distributions.
Therefore, in order to achieve variety between vehicles, all parameters were set by
indicating means and standard deviations, rather than single values. However,
for simplicity reasons, standard deviations σ were not independent variables but
relative to the mean µ of the respective parameter p such that σp =

µp

5 .

3.2 Output Metrics: Flow and Average Risk

In order to calibrate our behaviour models, it was first required to study the relation
of speed to traffic density and conflicts to density from real traffic flows. Therefore,
it was necessary to collect real-world data from some parts of roads which were
free from red lights, stops, and similar traffic signs (ideally freeways or highways).
This data needed to include diverse traffic conditions, regarding density, speed,
and flow, as well as high update frequency (10 updates per second). Thanks to the
NGSIM program, from FHWA, a few data sets from roads in the USA are available
for validation of traffic simulation models. This study used the detailed vehicle
trajectory data that was collected on eastbound I-80 in Emeryville, CA, on 13th
April 2005.

As stated in [2], the study area was approximately 500 metres in length and
consisted of five freeway lanes, including a high-occupancy vehicle (HOV) lane,
with speed limit of 112 km/h (70 miles per hour). This vehicle trajectory data
provided the precise location of each vehicle within the study area every one-tenth
of a second, for a total of 45 minutes segmented into three 15-minute periods. These
periods were: 4:00pm to 4:15pm, 5:00pm to 5:15pm, and 5:15pm to 5:30 pm. They
represent the transition between uncongested and congested conditions, and full
congestion during the peak period.

In order to evaluate the simulation’s the traffic flow response, traffic characteris-
tics such as density, speed, and conflict level need to be clearly defined beforehand.
Consequently, density is calculated at each time step τ (i.e. 0.1 s) and for each lane,
as the amount of vehicles within the area of study, divided by the length of the road
extension considered. Speed is defined as the average of all vehicles at each time
step, and similarly, the conflict level is the average of the IR (see Eq. 2.5) of all
automobiles on the studied lane. Observations are averaged over a 60-second time
period which is ultimately defined by its density ρi, speed vi, and conflict level IRi,
where i represents the studied period.

On one hand, and will be show later, ρi and vi data are necessary and suffi-
cient for the study of traffic flow. Hopefully there will be a clearly defined trend
between speed and density, which can be reproduced by microscopic traffic simula-
tion through well calibrated driver models. On the other hand, the individual risk
will serve as the main metric for the relation of conflicts and traffic density. How-
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Figure 3.1: The aerial photograph on the left shows the extent of the I-80 study
area in relation to the building from which the video cameras were mounted and the
coverage area for each of the seven video cameras. The schematic drawing on the
right shows the number of lanes and location of the Powell Street onramp within
the I-80 study area [2].

ever, numerous time periods involve close-to-zero IRi, while others are unusually
high. Therefore, a procedure described by Kuang, Qu, and Yan [59] is followed in
order to avoid large variations of data, which could impair its readability.

3.2.1 Data Post-Processing

As reported in [59], the processed data must be divided into traffic state intervals,
sorted by density, with uniform span. Accordingly, all 60-second observations are
ranked regarding their density, from smallest to largest,

(ρ1, v1, IR1), ...(ρi, vi, IRi), ...(ρm, vm, IRm), (3.6)
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where ρ1 ≤ ... ≤ ρi ≤ ... ≤ ρm, and vi and IRi are, respectively, the corre-
sponding speed and conflict level for the period i. In order to classify the data in
clusters, a constant span δ of 0.0015 veh/m is specified. The number of intervals is
determined as follows:

ntotal =

⌈
kmax − kmin

δ

⌉
, (3.7)

where ntotal is the total number of intervals and kmax and kmin are the maxi-
mum and minimum density among the 60-second observations, respectively. Sub-
sequently, the density range Rn for all clusters can be computed as:

Rn = [kmin + δ · (n− 1), kmin + δ · n], (3.8)

with n ∈ (1, 2, . . . , ntotal). Next, the number of observations Nn that fall into
each of these ntotal ranges are counted and stored. Then the Cumulative Risk (CR)
value is calculated for each interval n as follows,

CRn =

Mn−1+Nn∑
i=Mn−1

IRi, (3.9)

Mn−1 =

n−1∑
n=1

Nn, (3.10)

where Mn−1 denotes the lower bound of the n’th interval and IRi is the IR
value of the observation i. Finally, the Average Risk (AR) value is determined for
each interval n by dividing the CR by its respective number of observations Nn,

ARn =
CRn
Nn

(3.11)

Within this study, the average speed and the average risk were used to evaluate
the quality of the calibration process. However, average speed and average risk are
not independent, but rather related to the density of vehicles within the studied
road section. Therefore, the post-processed data was studied, selected models were
selected, which accurately explain the risk-density and speed-density relations, and
parameters from the fitted models were analysed. As explained in the next section,
linear least squares was used to fit the models from the post-processed data.

3.2.2 Linear Least Squares

The linear least squares fitting technique is the simplest and most commonly applied
form of linear regression and provides a solution to the problem of finding the best
fitting straight line through a set of points [79]. The best approximation is such
that minimises the sum of squared differences between the data values and their
corresponding expected values. Linear least squares problems are convex and have
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a closed-form solution that is unique. In contrast, non-linear least squares problems
can be non-convex with multiple optimal solutions and these are generally solved
by an iterative procedure. Therefore, it is common to transform the data in such
a way that the resulting model is a linear equation, for example, by plotting t vs.√
r instead of t vs. r. This method has wide application in almost every branch

of natural science. For example, the following methodology is described by Haibo
Zou in his quantitative geochemistry book [80]:

Given a set of points {Xi, Yi}Ni=1 let us assume that there exists a linear relation
between the variables, such as

yi = axi + b+ εi, (3.12)

where εi is a random variable. The error of yi on predicting Yi depends on the
chosen a and b parameters. Those estimated parameters that minimise the sum of
the squares of the residuals S will be referred as â and b̂. Therefore,

S =

N∑
i=1

(yi − Yi)2 =

N∑
i=1

(âxi + b̂+ εi − Yi)2. (3.13)

In order to successfully apply linear least squares, there are two conditions
regarding the residual εi that must be fulfilled: its expected value must be 0, and it
cannot be auto-correlated. For simplicity purposes, an additional condition is such
that only one of the variables (Yi in this case) contains error. Thus, it is assumed
that

E[εi] = 0 ∀i, (3.14)

E[εi · εj ] = 0 ∀i 6= j, (3.15)

xi = Xi ∀i. (3.16)

By combining equations (3.13), (3.14), and (3.16),

S =

N∑
i=1

(âxi + b̂− Yi)2 =

N∑
i=1

(âXi + b̂− Yi)2. (3.17)

To minimise S, the partial derivatives of S related to â and b̂ must be zero.
From equation (3.17), we have

∂S

∂â
= 2

N∑
i=1

Xi(âXi + b̂− Yi) = 0, (3.18)

∂S

∂b̂
= 2

N∑
i=1

(âXi + b̂− Yi) = 0, (3.19)
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By rewriting (3.18) and (3.19), we obtain

â

N∑
i=1

X2
i + b̂

N∑
i=1

Xi −
N∑
i=1

XiYi = 0, (3.20)

â

N∑
i=1

Xi + b̂N −
N∑
i=1

Yi = 0, (3.21)

The solutions of â and b̂ from equations (3.20) and (3.21) are

â =
N
∑N
i=1XiYi −

∑N
i=1Xi

∑N
i=1 Yi

∆
, (3.22)

b̂ =

∑N
i=1X

2
i

∑N
i=1 Yi −

∑N
i=1Xi

∑N
i=1XiYi

∆
, (3.23)

where

∆ = N

N∑
i=1

X2
i −

( N∑
i=1

Xi

)2

. (3.24)

Once the solutions have been found, it is required to validate the assumptions
shown in equations (3.14) and (3.15). Later on, after modifying the selected mod-
els into linear equations, this methodology will be applied to extract the desired
parameters from the relations speed-density and risk-density.

3.2.3 Measures of Performance (MOP)

In order to calibrate the models’ parameters, suitable MOP need to be selected to
characterise both simulation and reality outputs. This selection depends on the aim
of the traffic simulation study. Most safety performance studies use one or several
indicators of crash potential as MOP [6]. On the other hand, when the focus is
on congestion or traffic flow, these measures are related to average speed or traffic
volume [81]. However, as stated by Duong, Saccomanno, and Hellinga, traffic is an
input for safety performance, as well as safety performance is an input for traffic.
Therefore the two objectives are linked and should be addressed simultaneously [8].
For this study, I chose MOPs regarding both traffic flow and conflicts.

3.2.3.1 Traffic Flow Performance

It has been observed from literature that both average speed and conflicts depend
on the density of vehicles [59, 82]. If these relations follow clear trends, the data
points will be modelled by functions such that,

yi = f(xi) + ωi, (3.25)
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Figure 3.2: Comparison between real data and simulation with default parameters
of traffic flow data-points and fitted Underwood models.

where xi and yi are the studied variables, f is the selected function, and ωi
the error expressed as a random variable. For instance, after analysing the traf-
fic characteristics from the I-80 real world trace, it was observed that the relation
speed-density can be appropriately fitted by an Underwood model. Robin T. Un-
derwood [83] relates average speed v to density k by using an exponential model,
such that

vi = vf · e
ki
ko + εi, (3.26)

for {vi, ki}Ni=1 data points, where free flow speed vf and optimal density ko are
the parameters that characterise how the average speed decreases when the density
of vehicles on a given road increases. The random speed error εi represents the
discrepancies between the model and the actual measurements.

The Underwood model shown in equation (3.26) is clearly not linear. In order
to estimate v̂f and k̂o by regression, one could use nonlinear least squares, however,
as stated before, this method can lead to non-convex equations and have multiple
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solutions. Therefore, it was decided to follow a slightly different model in which
the error is expressed as an exponential,

vi = vf · e
(

ki
ko

+εi

)
. (3.27)

This adjustment simplifies the transformation into a linear equation. Moreover,
since Underwood does not describe how the error should be expressed in his model
[83], equation (3.27) will still be referred as the Underwood model. Therefore, by
using logarithmic properties on equation (3.27) it was obtained

log(vi) = log(vf ) +
ki
k0

+ εi. (3.28)

Subsequently, rather than focusing on vf and k0, linear parameters were derived
such as

ṽf = log(vf ), (3.29)

k̃0 =
1

k0
. (3.30)

Then, by defining ṽi = log(vi) and combining equations (3.28), (3.29), and
(3.30),

ṽi = k̃0 · ki + ṽf + εi. (3.31)

It can be observed that equation (3.31) is very similar to equation (3.12). There-
fore, the linear least squares methodology described in Section 3.2.2 was applied on
the I-80 freeway data points {ki, ṽi}Ni=1, ṽf and k̃0 were calculated, and from them
the estimated parameters v̂f = 30.656 and k̂0 = −0.031 were derived. Finally, the
two initial assumptions regarding εi described in equations (3.14) and (3.15) were
successfully validated.

As shown in Figure 3.2, the fitted model seems to accurately describe the speed-
density relation from the I-80 data set. Similarly, for every simulation run, trajec-
tory data is collected and processed, and Underwood parameters are derived from
it. To motivate my work further, the Underwood model derived with the default
parameters of the EIDM and MOBIL models [76, 77] is also plotted. It was found
that without calibration, the results were considerably different and the simulation
did not represent the real traffic situation. The objective of the calibration process
is to alter the behaviour of the vehicles so they resemble the recorded real trajec-
tories. Therefore, regarding traffic flow, two MOPs were selected to evaluate the
performance of the simulation: the squares of the relative difference between the
estimated free flow speed and optimal density from simulation and the real world
trace.



30 CHAPTER 3. EXPERIMENTAL SETUP

MOPv̂f =

(
v̂f sim − v̂f real

v̂f real

)2

, (3.32)

MOP
k̂o

=

(
k̂osim − k̂oreal

k̂oreal

)2

. (3.33)

3.2.3.2 Safety Performance

Figure 3.3: Comparison between real data and simulation with default parameters
of safety performance data-points and fitted linear equations.

Regarding the conflicts observed by TTC in the real world trace, it is observed
that for a wide range of densities, the number of dangerous situations increased lin-
early with road density. However, for close-to-zero densities, the data did not show
conflicts. This suggested that the relation conflicts-density followed a piecewise-
defined function such as

ARTTC,i =

{
0 + |εi|, if ki ≤ kchange

a · ki + b+ εi, if ki > kchange
, (3.34)
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where ARTTC,i is the average risk explained by the indicator TTC, ki is the
linear density, a and b are the parameters that characterise the second part of the
equation, namely slope and vertical intercept respectively, εi is a random variable
that accounts for the error, and kchange is the density at which the model changes
of behaviour, found to be at around 0.0125 veh/m/lane for the I-80 data set. Since
for higher densities than kchange the model describes a linear relationship, the esti-
mated parameters â = 69.234 and b̂ = −1.253 were derived from the real data set
{ki,ARTTC,i}Ni=1 by using linear least squares as explained in Section 3.2.2.

However, the first part of the model is nonlinear due to the absolute value
function (the average risk cannot be negative). Thus, for simplicity purposes, the
calibration method focused on the linear range and disregarded the initial region
in which both densities and conflicts are insignificant. This procedure is similarly
adopted to estimate the linear equation from simulation. As shown in Figure 3.3,
the linear function fitted adequately the data points extracted from the I-80 trace,
and again, the default parameterisation from [76, 77] failed at replicating the real
data: neither the intercept nor the slope of the function were accurately simulated.

Therefore, regarding safety performance, the two MOPs selected are the square
of the relative difference between the estimated AR’s slope â and the vertical in-
tercept b̂ from simulation and the real world trace.

MOPâ =

(
âsim − âreal

âreal

)2

(3.35)

MOPb̂ =

(
b̂sim − b̂real

b̂real

)2

(3.36)

3.3 Summary

The microscopic traffic simulator BEHAVE has been presented in this chapter.
It has been presented, as well, the experiment layout which is followed during
calibration in Chapter 4. The novel and extended driver models EIDM-E and
MOBIL-E, developed in-house, are introduced for first time in this thesis. They
contain human-like characteristics such as attention and aggression, making the
models not collision-free.

As explained in this chapter, this study used a real trajectory data from the
program NGSIM. The data describes the movement of vehicles for 45 minutes in
a 500-metre highway section in California. The measures of performance regard-
ing flow and average risk performance are presented, which are the objectives to
be minimised in the next chapter. These metrics represent how well does simula-
tion replicate the real data. The methodology followed to post-process both real
and simulated data is shown, as well as the linear least squares technique nec-
essary to calculate the measures of performance. Finally, the speed-density and
conflicts-density relations from the data set are plotted and compared to the rela-
tions extracted from simulation with a default parameter set.





Chapter 4

Calibration and Results

4.1 Analysis and Model Calibration

4.1.1 Parameter Selection

The aim of this methodology is to minimise the differences between real and sim-
ulated traffic flow outputs by calibrating BEHAVE’s parameters. As explained
before, E-IDME includes 7 adjustable parameters: Maximum acceleration, max-
imum deceleration, minimum gap, headway, aggression, coolness, and distraction.
On the other side, MOBIL-E has three: Politeness, acceleration threshold, and bias.

Altogether, the calibration methodology must produce a set of 10 parameters
that yield satisfactory outcomes. This high number of variables gives a significant
level of freedom, which becomes a challenge for any automated optimisation al-
gorithm. In order to narrow down the search, it has been decided to select the
parameters with highest effect in relation to conflicts and traffic flow, and find their
best estimates by implementing a GA.

The first step in the calibration process was to understand the parameters’ im-
pact on the behaviour of the vehicles. Subsequently, a few grid searches were carried
out to select the best families of parameters which yield to desired v̂f , k̂o, â and
b̂ outputs. It is worth mentioning that, while matching traffic flow characteristics
such as free flow speed v̂f and optimal density k̂o was relatively straightforward,
accomplishing a matching slope â and vertical intercept b̂ for the conflicts was much
more demanding. This clearly indicates the importance of this study, since, in or-
der to properly calibrate the direct interaction between vehicles, it is not enough
to focus on the traffic flow response, but the conflicts performance must be closely
evaluated too.

Once the behaviour of the vehicles was visually "realistic" and the outputs were
comparable to those extracted from I-80, a sensitivity analysis was performed to
gather those parameters with a bigger effect on the objective, to later include them
in the GA.

33
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4.1.1.1 Fractional Factorial Design

For all parameters, a high and low level was selected. The best model configuration
found during the grid search was used as high level for all parameters, while the low
level consisted in a decrease of 10% from the high level. Due to the high number
of factors, it was decided to implement a fractional factorial design of experiment
(DOE) [84] to calculate the effects of each parameter on the MOPs. For explanatory
purposes, let me introduce a simpler example extracted from the book "Design and
Analysis of Experiments" from Douglas C. Montgomery [85].

Consider a situation with three factors of interest, each at two levels, where
the designers cannot afford to run all 23 = 8 experiments, but they can, however,
afford four runs. This suggests a one-half fraction (1/2) of a 23 design, which is by
definition a fractional factorial DOE.

Table 4.1 shows a full 23 factorial design and its respective 8 treatment combi-
nations. The experimenters select the four treatment combinations a, b, c, and abc
as their one-half fraction. These runs are shown in the top half of Table 4.1. Notice
then, that the 23−1 design is formed by choosing those runs that have a plus in the
ABC column. Thus, ABC is defined as the generator of this particular fraction.
Furthermore, the identity column I is also always plus, so the defining relation of
their design is I = ABC.

From Table 4.1, the experimenters estimate the main effects of A, B, and C as
a linear combination of the observations a, b, c, and abc,

[A] =
1

2
(a− b− c+ abc)

[B] =
1

2
(−a+ b− c+ abc)

[C] =
1

2
(−a− b+ c+ abc)

Where [A], [B], and [C] are the linear combinations associated with the main
effects. Similarly, they estimate the two-factor interactions by linear combinations
such as:

[BC] =
1

2
(a− b− c+ abc)

[AC] =
1

2
(−a+ b− c+ abc)

[AB] =
1

2
(−a− b+ c+ abc)

Therefore, [A] = [BC], [B] = [AC], and [C] = [AB], and consequently, it is not
possible to differentiate between the effects of A and BC, B and AC, and C and
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Table 4.1: Plus and Minus Signs for the 23 Factorial Design

Treatment Factorial Effect
Combination I A B C AB AC BC ABC
a + + - - - - + +
b + - + - - + - +
c + - - + + - - +
abc + + + + + + + +
ab + + + - + - - -
ac + + - + - + - -
bc + - + + - - + -
(1) + - - - + + + -

AB. These are called aliases. In this example, A and BC are aliases, B and AC
are aliases, and C and AB are, as well, aliases.

Since main effects are aliased with two-factor interactions, the 23−1 design is
known as a resolution III design. A design is of resolution R if no p-factor effect is
aliased with another effect containing less than R-p factors. Designs of resolution
III, IV, and V are particularly important [85]. The definitions of these designs and
an example of each follow:

1. Resolution III designs. No main effect is aliased with any other main effect,
but all main effects are aliased with two-factor interactions and some two-
factor interactions may be aliased with each other. The commented 23−1

design is of resolution III (23−1
III ).

2. Resolution IV designs. No main effect is aliased with any other main effect or
with any two-factor interaction, but two-factor interactions are aliased with
each other. A 24−1 design with a defining relation I = ABCD is of resolution
IV design (24−1

IV ).

3. Resolution V designs. No main effect or two-factor interaction is aliased with
any other main effect or two-factor interaction, but two-factor interactions are
aliased with three-factor interactions. A 25−1 design with a defining relation
I = ABCDE is of resolution V design (25−1

V ).

For the simulation’s parameter selection, it was decided to perform a 210−3 de-
sign, which is 1/8 of a two level, ten factor factorial design. The defining relations
of the design are I = ABCGH, I = BCDEJ , and I = ACDFK, and therefore,
this is a resolution V design. The obtained aliases are H = ABCG, J = BCDE,
and K = ACDF , where A = Maximum acceleration, B = maximum deceleration,
C = minimum gap, D = headway, E = aggression, F = distraction, G = politeness,
H = acceleration threshold, J = bias, and K = coolness. While the full 210 factorial
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would require 1024 experiments, this approach requires only 128 and still guaran-
tees a reliable estimation of the main effects and two-factor interactions. After all
experiments, and just as explained for the simpler example, the main effects for all
parameters are estimated. Since in this case the number of variables is considerable
higher, it is not possible to describe all equations. The procedure is the same as
in the 23−1 design, nonetheless, here is the general equation for the estimation of
effects:

Ej,p =
1

128

128∑
i=1

Rj,p · ai,p (4.1)

where Ej,p is the effect or impact of the parameter p on the objective j, Rj,i is
the result of the objective j for the i’th simulation, and ai,p is the element for row
i and column p of the indicator matrix A used for the fractional factorial design,
which describes the position of parameter p during the experiment i, -1 for low
level and 1 for high level, just as the plus and minus matrix inside Table 4.1 for the
simple example.
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Figure 4.1: Sensitivity analysis of input parameter on the measures of performance.
Bars represent the normalised impact on the output value caused by a 10% change
of the input parameter.

Figure 4.1 gives an overview of the effect of input parameters on the selected
MOP. The four parameters with the biggest effect on the free flow speed vf were
the coolness, maximum deceleration, maximum acceleration and the minimum gap.
For the optimal density ko, the headway replaced the minimum gap. In terms of
conflict, it was observed that coolness and headway affected the slope and intercept
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of the average risk AR the most. As expected, aggression and distraction both also
had a considerable influence on the observed conflicts. The input parameters were
sorted by their accumulated impact (ascending from left to right in the figure) and
decided to select the four most influential for the GA, namely coolness, headway,
minimum gap, and maximum deceleration. This kept the complexity and required
computational power at a manageable level while allowing to significantly affect the
desired simulation output.

4.1.2 Genetic Algorithm (GA)

The concept of evolution, first proposed by Charles Darwin in his famous work On
the Origin of Species, is an explanation for the biological development of species
with mating selection and survival of the fittest. These mechanics of evolution
and natural selection are the base for GA optimisation techniques [86]. They are
excellent methods for hard optimisation problems, where classic optimisation meth-
ods fail due to difficult conditions such as unsteadiness, non-derivability, noise and
many other.

Its main two operators are the foundation of the development of all species.
Firstly, crossover allows the combination of the genetic material of two or more
solutions [97], just as two partners of the same specie combine their genetic material
and inherit it to their offspring. Secondly, mutation changes a solution by disturbing
it, just as DNA is transformed when passed from parents to children. Mutation
is based on random changes. In GAs, the strength of this disturbance is called
mutation rate [3].

The quality of the solutions that the GA generates are measured by the fitness
function. The design of the fitness function must be decided by the practitioner
and is part of the modelling process of the whole optimisation approach [3]. The
probability of a solution to crossover its genes to the next generation depends on
its fitness score; the higher the fitness, the more likely the solution is to reproduce
and avoid being forgotten.

In cases where multiple objectives need to be optimised simultaneously, the
fitness function values of each single objective must be included, for example, by
implementing the weighted sum. However, usually targets conflict with each other,
so the aim of multi-objective optimisation is not to minimise the sum of all objec-
tives but to approximate a set of solutions that establish a compromise between
them. Thus, it is not straightforward to nominate "best" solutions within multi-
objective optimisation. Instead, GAs consider a solution as Pareto-optimal if it is
not dominated, which means that it is not outperformed in all objectives by any
other solution.

Therefore, the goal of multi-objective GAs is to evolve a set of solutions that are
not dominated by other solutions, known as the Pareto-set. The fitness values of
the solutions in a Pareto-set form the Pareto-front. Nonetheless, there are several
algorithms to build the Pareto-front and they differ in how they select the desired
solutions. Most selection operators are based on two steps [3]. The first step is
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Figure 4.2: Genetic Algorithm cycle of initialisation, crossover, mutation, fitness
computation, selection, and termination [3].

usually a standard non-dominating sorting, during which the solutions are rewarded
a rank according to the level of domination, as shown in Figure 4.3. Each solution
that is not dominated by any other solution belongs to the first rank. If the first
rank solutions are removed, the solutions that are not dominated anymore form the
second rank, and so forth.

The second step targets the desired solutions across the Pareto-front. This step
depends on the chosen multi-objective GA. This study implemented the successor
of the famous non-dominated sorting genetic algorithm (NSGA), commonly known
as NSGA-II [87]. On its second sorting step, NSGA-II seeks for a broad coverage.
This is accomplished by computing the Manhattan distance between neighbour
solutions, which is the distance between two points measured along axes at right
angles [88]. Finally, the neighbour solutions with the largest Manhattan distance,
therefore the ones that are the furthest, have the highest probability to reproduce
and combine their genes.

Although the GA technique has already been used for calibration of models re-
garding safety performance, these calibrations did not take into account their effect
on the traffic flow response [12, 6, 7]. This study aims to calibrate the direct interac-
tion between vehicles, and therefore, both conflict and traffic flow performances are
included into the GA. In order to initialise the optimisation, a random population
of 16 chromosomes or individuals was generated. By implementing a NSGA-II, this
population is modified throughout 500 generations, resulting in 8000 simulation
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Figure 4.3: Non-dominated sorting of all solutions. The non-dominated solutions
are closest to the Pareto-front [3].

runs. Every simulation is post-processed following the methodology described in
Section 3.2, and evaluated over a fitness function.

The optimisation problem was formalised as the multi-objective minimisation
of vector F with respect to the chosen model parameters:

arg min
Ω

F

(
MOPv̂f ,MOP

k̂o
,MOPâ,MOPb̂

)
(4.2)

where MOPv̂f , MOP
k̂o
, MOPâ, and MOPb̂ are the objectives for the free flow

speed, optimal density, conflicts slope, and conflicts vertical intercept respectively,
as introduced in Equations 3.32 to 3.36, and Ω = {max. deceleration, min. gap,
headway, coolness} is the set of parameters to calibrate.

Once the NSGA-II finished, the individuals across the Pareto-front were ex-
tracted. Among the 8000 solutions generated by the algorithm, 155 belonged to
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first rank and therefore were non-dominated. Since the individuals have four di-
mensions, it is not possible to represent them in a traditional graph. Instead, and
for display purposes only, it was decided to plot those Pareto-front solutions which
contain MOPv̂f < 10−4.
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Figure 4.4: Pareto-Front formed by first rank solutions with MOPv̂f < 10−4.

Figure 4.4 displays the fitness values for some of the first rank solutions found
by the NSGA-II. The axes x and y represent the MOPb̂ and MOPâ respectively,
while the combination of the axe z and the gradual colour legend represent the
MOP

k̂o
. Therefore, there is no information of the solutions’ MOPv̂f in this graph.

The aim of the calibration procedure was to find a combination of parameters
that minimises the four MOPs simultaneously. It can be appreciated in Figure 4.4,
that there is no individual solution which accomplishes to minimise all of them.
Instead, a trade-off in MOPs is observed: On the one hand, solutions that closely
replicate â and b̂, such as those represented by yellowish and greenish colours, fail
to mimic k̂o. On the other hand, dark blue solutions reproduce adequately k̂o, but
are unsuccessful at minimising MOPb̂ and MOPâ simultaneously.

However, a decision has to be made to select a singular combination of parame-
ters for the models E-IDME and MOBIL-E. Since both traffic flow and conflicts are
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considered equally important for this study, it was decided to choose the parameter
set that corresponds to the lowest sum of MOPs.

4.2 Results and Discussion

During the initial grid searches and the sensitivity analysis, it was observed that
calibrating the traffic flow was considerably easier than matching the safety per-
formance outputs. For instance, when the lane bias was set to zero (there was
no preference for agents to drive on the rightmost lanes), it was especially easy
to match the traffic flow from reality, but simulation always produced an excessive
number of conflicts. Nonetheless, finding a set of parameter values which exclusively
produces similar conflicts as the real data was as well possible, the real challenge
for a calibration procedure is to achieve both objectives at the same time.
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Figure 4.5: Traffic flow comparison between real data, default simulation, and
single-objective (SO) and multiple-objective (MO) calibrated simulation.

In this study, the driver behaviour models composed by IDM-E and MOBIL-E
were calibrated simultaneously for safety performance and traffic flow. For com-
parison purposes, two additional Single-Objective (SO) GA, representing the state-
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of-the-art, were implemented as well. The first one intended to solely match the
traffic flow observed in the real data, similarly as in [8], the second one focused on
reproducing the average risk, as in [6] or [73]. Moreover, the performance of all GA
is compared to the results from the default parameters of the EIDM and MOBIL
models, as suggested in [76] and [77].

Figures 4.5 and 4.6 show the overall results from the comparison as well as the
performance of the multi-objective calibration. As expected, the SO GAs (blue
and purple curves) performed well on the goal that they aimed to optimise, closely
reproducing the real world results. However, since the conflicts-optimised configura-
tion did not consider both objectives, it produced a much faster flow than real data
(around 3m/s faster) for medium-high dense traffic, and a lower free-flow speed.
Similarly, the average risk obtained from the flow-optimised GA strongly deviated
from the real world data in terms of both slope and y-intercept. The approach
proposed in this thesis (multi-objective genetic algorithm, yellow line) produced
acceptable results for both traffic flow and safety performance simultaneously, out-
performing the single-objective genetic algorithms.
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Figure 4.6: Safety performance comparison between real data, default simulation,
and single-objective (SO) and multiple-objective (MO) calibrated simulation.
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It was noted that it is not trivial to improve the flow response without weakening
the safety performance outputs. Especially for high traffic density settings, the
simulated vehicles moved faster than desired. Slowing them down had a direct
effect on the conflict counts, effectively lowering them too much. As a result, as
shown in Figure 4.5, for a density of 0.06 veh/m/lane, vehicles on the I-80 drive
at 4.5 m/s while their simulated counterparts move at 5.5 m/s. Nonetheless, for
medium and low densities, the calibrated models were able to accurately capture
the flow from the real world trace. In terms of average risk, the MO GA produced
an almost identical slope with only a minor deviation of y-intercept. Altogether,
when using the calibrated parameters found during the MO GA, the calibration
accomplished MOPv̂f = 1.057 · 10−4, MOP

k̂o
= 1.697 · 10−2, MOPâ = 7.950 · 10−3,

and MOPb̂ = 6.350 · 10−4.
The best solution found by this approach was maximum acceleration = 0.8,

maximum deceleration = 1.117, minimum gap = 2.699, headway = 2.51, coolness
= 0.942, aggression = 0.63, distraction = 0.00045, politeness = 0.45, acceleration
threshold = 0.675, and bias = 0.22.

As explained in Section 3.2.3, the default parameters of the EIDM and MO-
BIL models [76, 77] yielded unacceptable results which did not represent the real
traffic situation. Compared to the default parameters, all three calibration pro-
cedures introduced in this chapter improved the simulation outcome considerably.
In addition, as shown in Figures 4.5 and 4.6, both SO GA, which represent the
state-of-the-art [8, 6, 12, 73], were outperformed by the MO approach introduced
in this thesis.

One limitation of the presented approach is that it was only feasible to efficiently
explore a reduced parameter space of four input parameters. Therefore, the GA was
only able to find close approximations of traffic flow and safety metrics compared
to the almost identical curves achieved using the respective SO approach. One
possible solution is to employ a two step calibration process, where in a first step
the algorithm weighs traffic flow slightly higher than the safety metrics and then
in a second step calibrates parameters that have been shown to have a stronger
impact on the safety aspects, e.g., the aggression and distraction. Alternatively, a
straight forward approach is to simply utilise more computing power.

To fully simulate realistic traffic, the two chosen typical metrics may not be
sufficient. In fact, it might even be possible to simulate evidently (visually) un-
realistic traffic while still meeting the selected objective functions. Incorporating
additional measures such as the lane-change count or driving profile related metrics,
although challenging, has great potential to further improve the degree of realism
of microscopic traffic simulations.

4.3 Summary

This chapter included a detailed description of the calibration procedure, the results
obtained and the following discussion. The calibration procedure is formed by an
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initial parameter selection and a GA. By applying a fractional factorial design,
the parameters with a higher effect on the objectives were discovered. These are
coolness, headway, minimum gap, and maximum deceleration. They were the inputs
for the MO GA, which uses a fitness function that combines the four measures of
performances explained in Chapter 3.

When the GA finished, from all the solutions across the Pareto front, it was
decided to choose the set of parameters which yielded the lowest sum of all measures
of performance. Two state-of-the-art SO GA were also implemented, one of them
focused on traffic flow while the other on conflict counts. The results showed that
the MO GA outperformed both SO GA on average performance. In addition, the
calibration procedure improved the accuracy of simulation substantially, compared
to the default parameter set.



Chapter 5

Conclusions and Future Work

Research has identified a valuable potential in simulation for traffic safety studies.
Specially for brand-new technologies to come, such as AVs, simulation helps to
evaluate safety in a faster and harmless way. However, simulation models need to
be calibrated based on real-world traffic conditions for them to produce effective
studies. Calibration of models aims for simulation to generate interactions between
vehicles as similar as possible to reality. In order to achieve such interactions, it is
not sufficient to match traffic conditions or exclusively focus on safety performance,
both objectives should be addressed simultaneously.

This thesis introduced an approach that incorporates a multiple-objective ge-
netic algorithm to calibrate driver behaviour models to yield realistic traffic flow and
road safety metrics. My calibration is based on real-world data from the NGSIM
project.

To allow driver behaviour to match both metrics at the same time, the in-house
extension of the well-established EIDM and MOBIL models to include attention
and aggression were employed. The used models incorporate a total number of ten
parameters – too many to calibrate in a computationally feasible manner. There-
fore, an initial grid search was conducted, followed by a sensitivity analysis which
identified the four most important parameters (coolness, headway, minimum gap,
and maximum deceleration) to affect traffic flow and average risk.

For the calibration process, a total of four measures of performance were defined,
which are used by the genetic algorithm to motivate changes in the set of param-
eters. It was showed that while conventional single-objective calibration methods
failed to capture both output metrics adequately, my multi-objective approach was
able to produce sufficiently accurate results for both objectives. The necessity of
such an approach is furthermore emphasised by the fact that using the incorporated
behaviour models with their suggested default parameters did not match the real
world data.

Future research includes a closer examination of the limitation caused by the
trade-off between traffic flow and conflicts. Secondly, it is suggested to apply the
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methods introduced in this thesis in other scenarios including intersections or urban
roads. Finally, integrating other surrogate safety indicators for the calculation
of conflicts and new traffic characteristics, such as lane-changes counts can give
valuable insights in assessing the realism of a traffic simulation.
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