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Abstract

Growing concerns about CO2 emissions and global warming are driving the electrifica-
tion of the transportation sector through the adoption of electric vehicles (EVs). In
recent years, significant advancements in batteries technologies have contributed to no-
table market growth. Nevertheless, the limited driving range of EVs continues to pose a
challenge to broader adoption. To address this issue, the first part of this thesis focuses
on the development of a driving simulator for electric vehicles. The simulator integrates
both hardware and software components to realistically replicate the behaviour of an EV
within a real-world driving environment. Results indicate that the simulator effectively
reproduces driving dynamics with an acceptable degree of uncertainty. In the second
part of the thesis, the simulator is employed to analyse driving behaviour. A study was
conducted involving twelve participants, evenly divided by gender, across three driving
scenarios that included urban and highway routes, both with and without traffic. Fuzzy
Logic was used to assess driving styles, outputting a Driving Behaviour Index (DBI) to
intuitively identify the aggressiveness. Each participant repeated the tests during three
different times of day — morning, afternoon, and evening — to investigate variations in
driving behaviour over the course of the day. Data analysis, performed using Matlab,
revealed a correlation between driving behaviour and energy consumption. Additionally,
the results showed an increase in the driving behaviour index as the day progressed.

Keywords: electric vehicles, CO2 emissions, global warming, energy consumption, driv-
ing behaviour, driving simulator, driving dynamics, Fuzzy Logic, participant study.





Abstract in lingua italiana

Le crescenti preoccupazioni per le emissioni di CO2 e il riscaldamento globale stanno
incentivando l’elettrificazione del settore dei trasporti attraverso l’adozione di veicoli elet-
trici (EV). Negli ultimi anni, i significativi progressi nelle tecnologie delle batterie hanno
contribuito a una notevole crescita del mercato. Tuttavia, l’autonomia limitata dei veicoli
elettrici continua a rappresentare un ostcolo alla diffusione su larga scala. Per affrontare
questa problematica, la prima parte della tesi è dedicata allo sviluppo di un simulatore di
guida per veicoli elettrici. Il simulatore integra componenti hardware e software per ripro-
durre in modo realistico il comportamento di un veicolo elettrico in un contesto di guida
reale. I risultati ottenuti indicano che il simulatore è in grado di replicare le dinamiche
di guida con un’incertezza accettabile. Nella seconda parte della tesi, il simulatore viene
impiegato per analizzare lo stile di guida. È stato condotto uno studio che ha coinvolto
dodici partecipanti, equamente divisi per genere, in tre scenari di guida che includono
percorsi urbani e autostradali, con e senza traffico. La logica fuzzy è stata utilizzata per
valutare gli stili di guida, producendo un indice di comportamento alla guida (Driving
Behaviour Index o DBI) per identificare intuitivamente l’aggressività. Ogni partecipante
ha ripetuto i test durante tre fasce orarie - mattina, pomeriggio e sera - al fine di valutare
le variazioni del comportamento di guida nel corso della giornata. L’analisi dei dati, con-
dotta tramite Matlab, ha evidenziato una correlazione tra lo stile di guida e il consumo
di energia. Inoltre, i risultati hanno mostrato un aumento dell’indice di comportamento
di guida con il progredire della giornata.

Parole chiave: veicoli elettrici, emissioni di CO2, riscaldamento globale, consumo en-
ergetico, comportamento di guida, simulatore di guida, dinamiche di guida, logica fuzzy,
studio sui partecipanti.
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1| Introduction

One of the most pressing challenges of our century is pollution, particularly CO2 emis-

sions, which are the main drivers of climate change. In Europe, the transport sector is

one of the largest contributors to these emissions, with approximately 94% of vehicles still

relying primarily on oil [11]. The dependency on fossil fuels not only exacerbates global

warming, but also intensi�es issues such as air quality deterioration. In [4] the authors

prove that a high concentration of CO2 and NOx (typical by-products of ICE vehicles)

in the atmosphere are correlated to respiratory issues such as asthma or chronic bronchitis.

In recent years, however, the transport sector has embarked on a signi�cant transforma-

tion, driven by the urgent need to mitigate its environmental impact. The shift toward

hybrid and electric vehicles (EVs) represents a pivotal step in reducing greenhouse gas

emissions and promoting sustainable mobility. This transition is re�ected in the rapid

expansion of the electric vehicle market, from 10 million BEVs sold in 2022 to around

14 million in 2023, an increase of 35% year-on-year [9]. This remarkable growth can be

attributed to several key factors. Advancements in battery technology have increased the

driving range. Government incentives such as tax breaks, rebates and subsidies, have

reduced the upfront cost of EVs, making them more accessible. Additionally, increas-

ing environmental awareness has driven many consumers to seek cleaner transportation

options, with EVs emerging as a sustainable alternative, especially when charged using

renewable energy. The expansion of charging infrastructure has further alleviated con-

cerns about practicality, while the growing visibility and market penetration of EVs have

normalized their adoption. Lastly, corporate commitments by car manufacturers to elec-

trify their �eets have diversi�ed the range of available models, spurring innovation and

competition that further accelerates market growth.

In Figure 1.1, as reported by the IEA in [9], it is possible to see that the number elec-

tric vehicles sold is increasing over time even though sales remain concentrated in only a

few areas of the world. Indeed in 2023, 60% of the cars sold were in China, while only

25% were in Europe and even less in the USA with 10%. This happens because many

consumers remain hesitant to adopt EVs. Two primary factors in�uencing this reluctance
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Figure 1.1: Sales of electric vehicles from 2012 to 2024 as of [9].

are long charging times and the increased, but still limited, driving range. The latter

contributes to what is commonly referred to as range anxiety, i.e. the fear of depleting

a vehicle's battery before reaching a charging station [19]. This concern is not entirely

unfounded; while high-end EV models o�er an average range slightly above 500 km, the

majority of models provide ranges closer to 300 km.

As with internal combustion engine (ICE) vehicles however, a vehicle's actual range can

vary depending on the driver's behaviour. Driving behaviour encompasses both inten-

tional and unintentional actions performed while operating a vehicle, with each trip

re�ecting an individual's unique driving style. This behaviour can either optimize or

diminish an EV's e�ciency, further in�uencing its perceived usability. A potential way to

mitigate range anxiety is by identifying and promoting a driving style that maximizes the

vehicle's range. This study aims to analyse how di�erent driving styles in�uence battery

performance, with a focus on the time of the day, categorizing observations into three

time slots: morning, afternoon, and evening. Additionally, it examines whether and how

driving behaviour varies with the gender of the driver. The analysis of driving behaviour

is a widely explored topic; however, existing research primarily focuses on internal com-

bustion engine vehicles. Moreover, most studies rely on real vehicles for data collection.

The distinctiveness of this study lies not only in its focus on electric vehicles but also in

its use of a driving simulator as the primary research tool. The utilization of a driving
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Figure 1.2: Commercial electric vehicles declared ranges.
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simulator o�ers signi�cant advantages over real-world vehicle testing. One of the primary

bene�ts is the ability to replicate identical conditions in every moment, something nearly

impossible in real-world scenarios due to various factors such as ambient temperature

which a�ects battery discharge. Additionally, real-world driving is in�uenced by variables

like tra�c levels, road conditions, and tra�c signals, all of which can impact an individ-

ual's driving style. In contrast, a driving simulator allows these factors to be controlled

and kept constant, ensuring that all drivers are assessed under identical conditions and

thus producing more accurate and reliable results. Another key advantage of using a

simulator is its ability to recreate a wide range of driving environments and test di�erent

vehicle con�gurations without the constraints and costs associated with real-world test-

ing. By inputting speci�c vehicle parameters, a digital model can be generated within

the simulation, providing an adaptable and scalable solution for various studies. This not

only enhances the versatility of research but also allows for controlled experimentation

with di�erent driving scenarios that may be di�cult or even unsafe to conduct in real

life. Moreover, a simulator can be employed for long-term battery health assessments

under diverse driving styles and environmental conditions. In a real-world setting, factors

such as seasonal weather variations and unpredictable road conditions make it challenging

to isolate the impact of driving behaviour alone. A simulator however, eliminates these

uncertainties, enabling a more precise evaluation of battery performance over extended

periods.

Despite its numerous advantages, the use of a driving simulator does come with certain

limitations. The development process requires specialized knowledge in programming

and game development software, making its implementation complex and time-intensive.

Furthermore, while simulators provide a controlled and repeatable testing environment,

they may lack the sensory feedback and real-world unpredictability that in�uence driver

decision-making. As a result, �ndings must be carefully interpreted and validated against

real-world data to ensure their practical applicability. Nevertheless, the bene�ts of a

driving simulator far outweigh its limitations, making it an invaluable tool for studying

driving behaviour and energy consumption in electric vehicles. Given its advantages, this

study will not only analyse the in�uence of di�erent driving styles on battery performance

but will also provide an in-depth examination of the simulator's hardware components,

the software development process, and the challenges encountered during implementation.

By detailing these aspects, this research aims to contribute valuable insights into the op-

timization of electric vehicle e�ciency and the advancement of simulation technologies for

future applications.
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The remainder of this thesis is organized as follows: Chapter 2 reviews the existing lit-

erature on the topic, exploring di�erent approaches and algorithms employed in related

studies. Chapter 3 provides a detailed description of the hardware and software systems

used, as well as the methodology adopted. Chapter 4 outlines the tests conducted, both

in the simulator and on the physical vehicle. Chapter 5 presents and analyses the results

obtained from these tests. Finally, Chapter 6 discusses potential future applications and

o�ers a summary and conclusions of the study.
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2| State of the art

In this chapter the existing literature on the subject is explored, considering the adopted

approaches and the di�erent algorithms used for driving style classi�cation.

The literature is nearly exhaustive regarding how driving style impacts the fuel consump-

tion of internal combustion engine (ICE) vehicles, but the same does not hold true for

electric vehicles (EVs). As a result, there is a limited amount of research available for

analysis on this topic. However, the studies conducted so far predominantly adopt two

main approaches for analysing the driving style: having participants drive directly on the

vehicle or using a driving simulator to replicate real-world conditions.

In [10] M. Knowles et al. conducted a study where testers drove an electric vehicle

equipped with a telemetry system that measured position, speed, and state of charge.

The test route was divided into three types of roads: uninterrupted dual carriageway,

urban, and highway with frequent junctions, allowing the drivers to face a variety of driv-

ing conditions. The study also explored how age in�uences driving styles across di�erent

road types. The research found that older drivers tend to adopt a more cautious driving

style, which results in smoother acceleration and deceleration, enhancing energy e�ciency,

particularly in urban stop-and-go tra�c. However, their slower responses can reduce the

e�ectiveness of regenerative braking and create challenges at junctions, negatively a�ect-

ing energy consumption and travel time. On highways, their lower speeds can conserve

energy but increase travel duration. Additionally, older drivers are at a higher risk of ac-

cidents, requiring more adaptive driving strategies to improve both safety and e�ciency.

In contrast, younger drivers, characterized by a more aggressive driving behaviour such

as rapid acceleration and higher speeds, tend to consume more energy, particularly on

highways. Yet, their ability to navigate complex tra�c situations and use regenerative

braking e�ciently in urban areas helps counterbalance some energy loss. However, their

increased risk of accidents highlights the need for caution in certain situations. Finally,

the authors note that driving style has a more signi�cant impact on the performance of

EVs compared to ICE, given the unique characteristics of EV energy consumption and

regeneration systems. The method used by Knowles in [10] has the advantage of using
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the actual vehicle, eliminating the need to create complex models of the vehicle and the

scenario to be simulated, thus saving valuable time. However there are several drawbacks

to using the actual vehicle. First and foremost safety is a concern as, unlike a simulator,

it is not possible to recreate dangerous situations without risk to the driver and other

road users. Furthermore, compared to a simulator, real-world driving does not allow for

an exact replication of conditions, as it is in�uenced by the variability of tra�c and road

conditions, making each test slightly di�erent from the others.

In the following section, the main studies that use simulators to evaluate driving behaviour

will be analysed.

From a hardware perspective, the con�guration is similar across all the studies reviewed.

It typically includes a steering wheel, brake and accelerator pedals, a screen, and in

some cases a virtual reality headset. Regarding the software used for simulation, studies

[2, 3, 13, 16] use Unity3D to implement the vehicle model. The scenario creation on the

other hand, is done using a Unity3D asset calledEasyRoads3D, which allows the integra-

tion of not only roads but also elements such as roundabouts, intersections, and guardrails.

In this thesis, as will be explored in detail in Chapter 4, the scenario was developed in

Blender because it facilitates the creation of realistic environments more intuitively than

Unity3D. In contrast, study [17] employed thePrescan software to implement both the

vehicle model and the scenario.

In the analysed studies, the electric vehicle (EV) models used are often outdated, such as

the 2011 Nissan Leaf, due to the abundance of data available in the literature. However,

EV technology has signi�cantly advanced over the past decade, making the Nissan Leaf

obsolete for modern research. For this reason, this thesis will use a 2022 Opel Mokka-e,

which better represents current technological standards.

In [13], simulation is used to analyse how di�erent drivers use brake and accelerator ped-

als, both in urban settings and on highways. Such data is then used to study how the

driving style a�ects the state of charge (SoC) of the battery. The study particularly

highlights that in urban areas, the use of regenerative braking signi�cantly contributes to

increasing the vehicle's range.

In [3], unlike [13], the vehicle follows a circuit consisting only of roundabouts, road signs,

and intersections, with a test duration of four minutes. The study analyses the correlation

between Steering Wheel Movements (SWM) and their in�uence on electrical parameters.

The distinctive feature of this research lies in the use of sensors to collect data on the

steering wheel, brake pedal, and accelerator pedal. The authors discovered that the stan-

dard deviation and the average amplitude of SWM correlate with the state of charge, total
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energy consumption, and with the average power demand. The results indicate that wider

and more controlled steering wheel movements are associated with more energy-e�cient

driving. Other notable �ndings of the study include the critical role of regenerative brak-

ing in improving energy e�ciency, as also observed in [13], and the suggestion that a

smoother driving style with fewer sudden and erratic movements could help reduce en-

ergy consumption. However the main limitation of the study is the short simulation time,

which restricts the amount of collected data. Additionally, the focus solely on the cor-

relation between steering wheel variables and energy consumption is too narrow. This

thesis will expand the scope by incorporating more variables to establish a more detailed

relationship between driving style and range. Finally, the analysis is limited to urban

scenarios, excluding how driving styles might vary on di�erent road types. In this study,

will be further investigated the relationship between driving behaviour and energy con-

sumption across various types of roads.

In [17], a simulator was used to determine driving style while accounting for variations in

tra�c density. The study involved 30 participants aged between 22 and 30, all with at

least two years of driving experience. The participants drove a simulated vehicle along a

straight road, under di�erent tra�c densities (40%, 70%, and 100%). Data on brake and

accelerator pedal, steering wheel angle, speed, and lane change manoeuvres were collected.

The K-means++ algorithm was employed to classify driving behaviours into three styles:

conservative, normal, and aggressive. The study found that under low-tra�c conditions,

drivers tend to exhibit more aggressive behaviour, characterized by higher accelerations.

Conversely, under high-tra�c density drivers adopted a more conservative style. Although

this study does not directly relate driving style to the state of charge (SoC) of the vehicle,

it provided valuable insights for this work by demonstrating how driving style can vary

depending on road conditions and in�uencing factors. It also served as a reference for the

method used to identify driving styles. However, it has notable limitations: it only con-

siders a straight road section and involves participants within a narrow age range, without

exploring whether age variations in�uence driving style under di�erent tra�c conditions.

These aspects represent potential areas for further investigation.

In [16], the relationship between driving style and energy consumption is analysed across

di�erent scenarios and disturbance conditions to understand how external distractions

in�uence driving behaviour and energy usage. The simulation scenario consisted of an

urban section and a highway segment. The simulations were conducted both with and

without external distractions to evaluate their impact on drivers. For each simulation,

data on speed, accelerator and brake pedal usage, steering angle, lane changes, and the

state of charge (SoC) were collected. To categorize driving styles, the study utilized the

Multidimensional Driving Styles Inventory (MDSI), focusing on two dimensions: Emo-
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tional/Detached and Sporty/Prudent. The study found that on highways drivers tend to

adopt higher speeds, leading to increased energy consumption, instead in urban settings,

frequent stop-and-go manoeuvres dominated driving behaviour. External distractions

a�ected energy consumption di�erently based on driving style: ordinary drivers reduced

energy consumption under distractions, meanwhile sporty and aggressive drivers exhibited

higher energy consumption in the presence of disturbances.

2.1. Algorithms for determining driving style

In [15], the main driving style recognition algorithms are presented. Below, them will be

brie�y analysed to provide a more comprehensive overview.

Rule based

Starting with the simplest implementation, there are Rule based (RB) algorithms, also

known as threshold algorithms, representing the most straightforward approach for driving

style recognition. These algorithms operate by applying rules de�ned by pre-set thresh-

olds on monitored variables, classifying driving styles into di�erent groups. These rules

are generally designed to handle speci�c events. The adoption of RB algorithms o�ers

advantages such as simplicity, ease of interpretation, and implementation. However, this

simplicity limits their ability to manage complex or numerous parameters. Indeed, typ-

ical applications of RB algorithms are based on a single parameter, compromising the

robustness and accuracy of the results. Consequently, the e�ectiveness of this approach

tends to diminish in scenarios characterized by greater complexity or variability.

Fuzzy Logic

To manage larger datasets, the use of RB algorithms would lead to extremely complex

rules. These algorithms can be e�ectively replaced by more advanced models, such as

Fuzzy Logic (FL) maps. FL, while also relying on prede�ned thresholds, stands out for

its ability to account for a larger number of parameters. This allows it to strike a balance

between simplicity, robustness, interpretability, and low computational cost. Thanks to

these features, FL represents a natural evolution over RB approaches, particularly in

contexts requiring greater �exibility and precision without sacri�cing model readability.
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Model based

Moving to more sophisticated methods, we encounter model-based algorithms. They de-

scribe driving styles using a series of equations characterized by speci�c properties. The

selected models are adapted to each driving style by tuning their parameters based on the

data used for calibration, typically through data-driven approaches. The complexity of

such models depends on the application requirements and directly impacts the �delity of

the driving style representation. More complex models can provide a more accurate de-

scription but require greater computational resources and a deeper data analysis, making

them suitable for scenarios demanding higher precision.

Machine learning based

Next, we have more advanced algorithms, based on machine learning (machine learning

based algorithms), capable of autonomously learning patterns and models from data with-

out requiring explicit programming. Among the main algorithms used for driving style

analysis we �nd the following.

Unsupervised algorithms. Unsupervised Algorithms do not require a detailed under-

standing of the underlying process. Classi�cation is performed through statistical analysis

of input signals, leveraging the intrinsic properties of the algorithms themselves. This ap-

proach allows for an increase in the number of classes, thereby enhancing the granularity

and detail of the classi�cation. Unsupervised algorithms have proven to be valid and suit-

able for driving style recognition. However, the results require careful interpretation, both

in terms of meaning and the number of identi�ed clusters. Additionally, their classi�ca-

tion performance may be lower compared to supervised algorithms, especially in contexts

where data is complex or high precision is required.

Supervised algorithms. Supervised algorithms rely on prior knowledge of the driving

style associated with the training data. This approach requires a labelled dataset, where

each example is accompanied by information about the correct class. This enables the

model to learn the relationships between inputs and outputs to make accurate predictions

on new data. One of the simplest and most intuitive supervised algorithms is thek nearest

neighbour (kNN). This method is based on the principle of similarity: to classify a new

data point, kNN examines the k closest elements in the training dataset (referred to as

"neighbours"), determined using a distance metric such as Euclidean, Manhattan, or a

customized metric. The class assigned to the new data point corresponds to the most

frequent class among the k neighbours based on a voting system. The simplicity of kNN
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makes it easy to implement and interpret, but it has certain limitations. For example,

its sensitivity to the choice ofk directly a�ects the robustness of the model: excessively

small values may make the model susceptible to noise, while overly large values can

lead to less accurate classi�cations. Additionally, kNN can be computationally expensive

when applied to large datasets, as it requires calculating distances for each new data

point against the entire training dataset. Despite these limitations, such algorithm is an

e�ective starting point for driving style recognition and can serve as a foundation for more

complex models. It can also be combined with data preprocessing techniques to improve

performance, such as dimensionality reduction or feature selection.

Hybrid Approaches. Although supervised and unsupervised learning are often con-

sidered alternative approaches, they can be combined into hybrid two-phase algorithms

to leverage their respective strengths and improve overall performance. In such combi-

nations, unsupervised learning plays a crucial role in identifying the most relevant input

signals and uncovering latent structures or patterns in the data, facilitating the selection

of an e�cient classi�cation strategy. Subsequently, supervised learning re�nes the process

by using labelled data to achieve more precise predictions and generally superior classi�-

cation results. This synergy improves both the e�ciency and e�ectiveness of the model.

Unsupervised learning reduces the initial complexity of the problem, helping to explore

and understand the dataset in a structured manner. Meanwhile, supervised learning �ne-

tunes the decision-making process optimizing performance based on speci�c objectives.

This approach is particularly valuable in contexts with complex or partially labelled data,

where the combination of the two methods can signi�cantly reduce development time and

enhance model generalization.

In this thesis, the use of machine learning-based algorithms was deliberately avoided

due to the limited amount of data collected during the experimental campaign, which

was deemed insu�cient for e�ectively and reliably training such algorithms. Given this

constraint, the choice was made to adopt an approach based on Fuzzy Logic, which does

not require a large dataset for successful implementation.
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3| Components

This chapter will analyse the realization of the simulation platform. In particular, sec.

Simulated vehicle, will cover the realization of the virtual vehicle and the scenario though

Unity3D software, meanwhile sec.Real vehicle, will explore the details of the physical

vehicle used for the validation of the simulator.

3.1. Simulated vehicle

The basic concept of any simulator is to replicate a physical behaviour with the highest

possible precision, so that any virtual situation is as close as possible to the real one.

In this case, the physical reference is an electric vehicle, in particular the Opel Mokka-e

from 2022 whose main characteristics are presented in Section 3.2. For the realization of

the simulator, the procedure illustrated in Figure 3.1 was used. The vehicle was modelled

thanks to the assetVehicle Physics 2: �rst of all the general properties were set to obtain

a functioning vehicle, then it was re�ned by inserting the parameters and modifying the

scripts to adapt to the real situation. In parallel to the vehicle, two scenarios were created

with the help of Blender:

ˆ The �rst scenario includes two short paths around the Bovisa La Masa campus.

ˆ The second one also starts from Bovisa La Masa campus and ends in front of the

Royal Villa in Monza.

Figure 3.1: Simulator creation procedure.
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Figure 3.2: Simulator cabin.

After the realization and the validation of the simulator, the testers used the steering

wheel, the pedal board and the screen, to drive the virtual car. In the meantime, the

software collects and stores the necessary data, used later to analyse the driving style.

3.1.1. Hardware

This subsection will explore the physical components of the simulator, their characteris-

tics and their integration with the software.

Di�erently from all of the studies analysed in Chapter 2, which utilized a computer setup

with the addition of a steering wheel and pedals, this analysis employs a dedicated simu-

lator cabin, as shown in Figure 3.2.

The cabin consists of a wooden structure on wheels which accommodates all the hard-

ware, from the seat to the driving gear. To enter in the simulator there is a windowed

door that provides, when closed, a complete feeling of engagement. Indeed, by using a

cabin it is possible to achieve an immersive and realistic simulation experience, funda-

mental to make the driver feel comfortable and obtain more realistic results. The cabin is

equipped with external lights, just as a decoration and internal dimmable lights that can

be switched o� during the simulation. Since the cabin is built to accommodate the PC, it

presents a ventilation fan which can also be switched on and o� manually to regulate the

inside temperature. It is also equipped with an internal audio system composed of four

speakers: two at the front and two at the rear. The cabin also has a 27� Samsung monitor
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Figure 3.3: InputManager input settings.

which can accept HDMI inputs from ports located inside and outside of the cabin. All the

cited features are controlled via an internal control panel that is interfaced with the main

cabin logic, located at the back of the seat. For what regards the internal structure, it is

composed of a metal frame �xed to the �oor of the cabin, to which are attached a seat,

a pedal board and a steering wheel. The seat is theSpeed 1 Bucket Seatby Sim-Lab: it

is a racing style seat that can not provide a classic driving position for everyday driving,

anyway it has been regulated in height and distance from the pedals and the steering

wheel so that it represents as much as possible an everyday driving position. The steering

wheel is theC5 model manufactured fromCammus meanwhile the pedal board is the

CSL Pedalsmodel fromFanatec. Both will be discussed in detail in the following sections.

Before diving in the description of the hardware integration in Unity3D, it is necessary

to discuss brie�y how it manages the user input. In general there are two methods called

InputManager and InputSystem, the �rst one is the original built-in method meanwhile

the second one has been released in March 2021 as an asset. Unity lets the user decide

which one to use, it is possible to use both as long as there are no con�icts between the

names. The simulator is based on the new method because it is more reliable and user-

friendly, anyway the accelerator, the brake and the steering are not supported so they

have been implemented with the old method. In the the main settings page of the old

method, it is possible to add commands and customize their relative properties, as can be
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Figure 3.4: Cammus C5 steering wheel front and side views.

seen in Figure 3.3. Since we collect input from two locations (steering wheel and pedal

board), the most important parameter is theJoy Num, which decides the joystick number

to listen to for each input. The pedals and steering assume values that vary continuously

from 0 to 1, thus it is important to set the Axis too: it decides which variable to modify

as each input varies.

Steering wheel

As already mentioned the steering wheel, shown in Figure 3.4, is theC5 from Cammus.

This model is built for professional driving simulators, it is provided with a motor to

achieve force feedback (FFB): it can apply a negative force in respect to the one applied by

the driver. Such feature makes it more realistic than a passive rotation sensor. It is a direct

drive model which means that the motor is mounted inside of the wheel, removing the

necessity for a transmission and making the operation more silent and smooth compared

to a classic external motor model. It can apply an holding torque of5Nm and a peak

torque of 7Nm. The whole steering wheel is powered by the provided power supply that

connects at the back of the steering wheel. On the back it is also possible to �nd the

on/o� button, the reset button, two USB type C ports for other accessories (such as the

pedal board, the shifter or the hand brake), a port for a cooling fan and a USB type B

port to connect with the computer. To enhance the interface with the user, the wheel

is provided with twenty buttons, three knobs and two lateral paddles, moreover it has a

series of LEDs and three small seven-segment displays.

To interface with the PC it is necessary to download the proprietary softwareCAMMUS

from the o�cial website [1]. Through the program it is possible to install and update the

driver and the steering wheel �rmware to the latest version. As seen from Figure 3.5, in

the pagesParameter and Devicesit is possible to customize the behaviour of the buttons
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Figure 3.5: CAMMUS Main page (left) and Parameter page (right).

Setting Value Unit

Max. steering angle 900 [deg]

Power 50 %

Natural damping 25 %

Natural friction 0 %

Natural inertia 0 %

Idle spring 75 %

End stop strength Medium -

Table 3.1: CAMMUS customized settings.

and the knobs, decide which information is shown on the display and on the LEDs and

set all the parameters of the motor such as the rotation resistance, the return to centre

strength and many others. The customized setting are reported in the following table:

The integration of the steering with Unity3D required more than just the input set up.

First of all, it was necessary to apply, in theInputManager settings page (Fig. 3.3), a

sensitivity of 0:1 in order to make the input vary at the variation of the steering angle.

Then it was noted that the input was varying between incorrect boundaries: between

0:1 and 0:3 during left steering and between� 0:1 and 0:1 for right steering. To correct

such behaviour and obtain an input varying between� 0:1 and 0:1 (before the application

of the sensitivity correction factor of10), it was necessary to implement two correction

functions: one for left and one for right steering. The situation is well explained in Figure

3.6 where it is possible to see the original and target values (before the application of the

sensitivity correction).
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Figure 3.6: Steering values before and after the correction.

The two applied correction functions are the following:

8
<

:

x� 0:3
2 ; for left steering

x+0 :1
2 ; for right steering

The steering input is evaluated100 times per second because the physics updates at

100Hz. In every physics update to distinguish between left and right steering a simple

if() else() function has been implemented. Anyway the value0:1 is not univocal,

that case is detected by a thirdif() condition which assigns the value of the steering

variable at the previous frame, memorized only if it was di�erent than0:1. This is an

approximation with a negligible e�ect because the values have �oating point precision,

which translates to an error in the order of10� 7 degrees.

An additional correction algorithm has been implemented to solve another issue: randomly

and for a small number of frames the input assumed a wrong value, much di�erent from

the one controlled by the driver. It causes a change of the trajectory that requires a

correction from the user, as well as discomfort. The cause of this problem is unknown

but hypotheses were made on the quality of the connection from the steering wheel to

the PC, or on the software having problems retrieving the input. Note that such problem

existed also before the application of the input correction functions. It was solved by

detecting the wrong value with the analysis of the derivative between each consequent

pair of steering values, in case it is too high, the wrong value is substituted by the value

assumed before the start of the event. It is a solution that holds until the user is not
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Figure 3.7: Fanatec pedals mounted in the simulator.

turning the steering wheel during the problem, but since the events are usually shorter

than 30 frames (that is less than a second) it is not a noticeable di�erence. The code

which solves both issues is described in Appendix A.

Pedals

The pedals used for the simulator are theCSL Pedalsmanufactured from Fanatec and

shown in Figure 3.7. The kit includes the accelerator pedal, the brake pedal and a metal

base for �xing them to the chassis. The con�guration is highly customisable, allowing

each pedal to be moved vertically and horizontally in respect to the base to meet the

needs of di�erent drivers.

Both the accelerator and brake pedal are equipped with a load cell that measures the

applied force to determine the pedal position. The brake is connected though an RJ12

cable to the accelerator, which combines the signals and sends them via an RJ12 port

located at the right side of the accelerator pedal.

Fanatec o�ers two options for connecting the pedals to the computer:

ˆ Connection via a Fanatec steering wheel: using an RJ12 cable between the pedals

and the steering wheel, and then connecting the steering wheel to the computer

through a provided USB cable.

ˆ Direct connection: in the absence of a Fanatec steering wheel, the proprietary RJ12

to USB adapter with integrated software is required to enable the connection to the

computer. Since the used steering wheel is from a di�erent manufacturer, this is
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