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Sammanfattning 
Detta examensarbete är utfört på Scania CV i Södertälje. Det är den avslutande delen av 
civilingenjörsprogrammet Design och produktframtagning vid Institutionen för 
maskinkonstruktion på KTH i Stockholm.  

Mer än 80 procent av alla trafikolyckor som involverar tunga fordon är relaterade till 
ouppmärksamt förarbeteende. Ouppmärksamhet kan orsakas av antingen trötthet eller 
distraktioner.  Målet med detta examensarbete är att försöka hitta ett sätt att prediktera och 
detektera den här typen av beteende med hjälp av fordonssignaler. 

Grunden för analysen är data från SeMiFOT-projektet, ett naturalistiskt fältprov, utfört av 
gemensamma krafter inom svensk fordonsindustri, forskningsinstitut och University of 
Michigan. Datat inkluderar videofilm, blickriktnings- och ögonrörelsemönster, samt CAN-
signaler. De CAN-signaler som använts för analysen inkluderar till exempel styrvinkel och 
lateral acceleration. 

För att möjliggöra uppskattning av förarnas trötthetsnivå har en modell som kallas Sleep/Wake 
Predictor (SWP) använts.  

Resultatet av arbetet är en modell som består av en riskbedömning kopplad till trötthetsnivån och 
en algoritm för distraktionsdetektion. Trötthetsdelen använder SWP:n och den välkända KSS-
skalan för att approximera förarens nuvarande och förväntade trötthetsnivå och riskerna det 
medför. Distraktionsalgoritmen använder styrvinkelhastigheten som insignal och genererar en 
distraktionsflagga. De typer av distraktionsmoment som kan detekteras är exempelvis 
telefonanvändning och justering av utrustning i hytten. 

Utvariablerna från modellen skickas på fordonets CAN-nätverk. Hur den här informationen bäst 
skulle kunna presenteras till föraren har inte undersökts i det här projektet. 

Slutsatsen från projektet är att det faktum att distraktionsbeteende, som är en bidragande orsak 
till nedsatt förarförmåga, kan detekteras är positivt. Detta i kombination med uppskattningen av 
trötthet utgör en bra grund för att reducera riskerna för olyckor orsakade av ouppmärksamhet. 
Detta kan utvecklas till en värdefull produkt som Scania kan erbjuda sina kunder. 
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Abstract 
This thesis work is conducted at Scania CV in Södertälje. It is the final part of the M.Sc program 
Design & Product Development at the Institution for Machine Design at KTH, Stockholm. 

More than 80 percent of all traffic accidents involving heavy trucks are caused by inattentive 
driver behaviour. Inattention can be caused by either drowsiness or distractions. The aim with 
this thesis work is to try to find a way to predict and detect such behaviour using vehicle sensors.  

The basis for the analysis is data from the SeMiFOT project, a naturalistic field operating test, 
conducted by joint forces between Swedish vehicle manufacturers, research institutes and the 
University of Michigan. 

The data includes video footage, gaze direction and eye closure measures, as well as CAN 
signals. The CAN signals used for analysis are for example steering wheel angle and lateral 
acceleration. 

To be able to assess the drivers’ level of sleepiness, a model called the Sleep/Wake Predictor 
(SWP) has been used.  

The result of this thesis is a model consisting of a risk level due to sleepiness assessment and a 
distraction detection algorithm. The sleepiness part uses the SWP and the well known Karolinska 
Sleepiness Scale (KSS) to approximate the drivers’ current and expected sleepiness level and the 
risks associated with this. The distraction detection uses the steering wheel angle velocity as 
input, processes the signal and outputs a distraction warning flag. The type of distractions that 
are detectable are for example using a mobile phone and adjusting equipment in the cab.  

The model output is sent out on the Controller Area Network (CAN) of the vehicle. How the 
information from the model can be best presented to the driver has not been examined. 

The conclusion from the project is that the fact that distractive behaviour, which is a contributor 
to impaired driver performance, can be detected is positive. This, in combination with the 
assessment of sleepiness, constitutes a good base for reducing the risks of accidents caused by 
inattention. This can be developed into a valuable product for Scania to offer their customers. 
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FFT Fast Fourier Transform 
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RPS Rapid Prototyping System 

SeMiFOT Sweden Michigan Naturalistic Field Operational Test 

SWA Steering Wheel Angle 

SWA_vel Steering Wheel Angle velocity 
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1 Introduction 

This chapter presents the introduction of this thesis project. It includes the background for the project, its objective 

and limitations. At the end of the chapter, the outline of the report is presented. 

Driver inattention is said to be the cause of nearly 80 percent of all traffic accidents (Dingus et al. 

2006). When heavy trucks are involved in fatal accidents, the root causes in 30 percent of the 

cases are sleepiness related (Var vaken mot trötthet i trafiken). 

From a traffic safety point of view, as well as the vehicle manufacturers’, the need for a system to 

reduce these risks is imminent. Several manufacturers have already introduced such systems on 

the market. The goals with these systems are to use vehicle parameters to analyse driving 

behaviour and raise driver awareness. 

1.1 Background and problem description 

Inattention is caused by either drowsiness or distraction. Drowsiness is a long-term state of 

increasing inattention, caused by a number of factors including long working hours and sleep 

deprivation. Distraction on the other hand, is short-term, event based states caused by external 

factors like changing settings in the cab or talking on the phone.  

This master thesis will be carried out at Scania CV AB and aims to find a way to detect early 

signals of inattention in order to prevent accidents associated with this. A lot of research has 

already been made on this topic, focusing mainly on finding patterns in data from in-vehicle 

sensors, cameras detecting the drivers’ eye movement, physiological testing and subjective 

assessment of the drivers’ sleepiness level. In this type of research, it is common to use driver 

simulators as basis for the analysis. 

The focus of this thesis will be to try and find patterns in internal sensor signal data already 

available in the vehicle. The data that will be used for the analysis originates from a joined 

Swedish project called SeMiFOT. The project is a collaboration between Swedish vehicle industry 

and research institutes, and the University of Michigan Transportation Research Institute. The 

data comes from in total 20 vehicles and 6 months of data collection from naturalistic driving. 

The data consists of both vehicle sensors and video footage of the driver as well as the road. 

Considering the vast amount of data available, a data set will be selected based on sequences 

where the probability of inattentive driving is high as well as where the driver is alert. The 

possibility to use the Sleep/Wake Predictor (SWP) model (Åkerstedt et al. 2008) as reference will 

be examined. 

Matlab and Simulink will be used to build the algorithm and Scania’s rapid prototyping system 

will be used for testing and simulating the results. The goal for the algorithm is that it should be 

able to detect both drowsiness and distraction and should work regardless the driver. Additional 

benefits of the system would be that it will be able to provide feedback, helping the drivers 

change their behaviour. The existing system Scania Driver Training will be examined for input on 

feedback possibilities. 
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1.2 Objective 

The objective of this thesis is to detect impaired driver behaviour, using already existing vehicle 

sensors, regardless the driver and thus improve traffic safety. 

1.3 Limitations 

This thesis will not cope with ways of warning the driver when inattention is detected. Nor will 

the algorithm include eye movement detection or other added sensors in the vehicle. No driver 

simulator data or data produced with this project in mind will be processed, only data from the 

SeMiFOT project, as well as testing data for validation. Due to confidentiality reasons in the 

SeMiFOT project, only data from Scania will be processed in this thesis. Hence only data from 

heavy trucks will be analysed. The algorithm will be set to be enabled at vehicle speed over 60 

km/h and disabled at vehicle speed below 60 km/h. This figure was chosen due to the fact that 

87 % of drowsiness related accidents happen in non densely populated areas, like mainlines or 

highways, and that those are the limits for the LDWS (Anund et al. 2002:27).  

1.4 Outline of the report 

The outline of this thesis report will be described in this section; the different chapters and what 

they focus on will be introduced.  

Chapter 1 – Introduction is the introductory section of the report. The background and objective for 

the project are presented here. The limitations that have narrowed the scope of the work are also 

stated here. 

Chapter 2 – Theoretical framework includes the theoretical framework that stands as the basis for the 

work done during this thesis project. The chapter includes sections describing accident statistics 

for heavy vehicles and the SeMiFOT study. The definitions of, and distinction between, 

drowsiness and distraction are made here and the theory behind the Sleep/Wake Predictor is 

examined. Sections dealing with sensors and equipment used during the project are presented in 

this chapter as well as a review of earlier work on this subject. 

Chapter 3 – Method describes the methods used during the different stages of the project. The 

analysis for handling the data is presented as well as the method for algorithm development. 

Chapter 4 – Results includes the results of the data processing. The results of the signals and 

functions, examined in Chapter 2, applied to the data set are presented. 

Chapter 5 – Simulink model describes how the Simulink models of the different functions, as well as 

the Sleep/Wake Predictor, are built-up. 

Chapter 6 – Discussion houses the discussion of the report, including difficulties encountered 

during the project. 

Chapter 7 – Conclusion includes the conclusions of the project, as well as a section regarding 

suggestions for future work.  
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2 Theoretical framework 

This chapter presents the theoretical framework that is the basis for this project. The aspects of drowsiness and 

distraction are described, as well as the equipment used. Earlier work that has inspired this thesis is examined. 

2.1 Accident statistics 

More than 20 percent of Swedish road accidents are caused by drowsiness (Var vaken mot trötthet i 

trafiken). American research shows that sleepiness lies behind 30 percent of all fatal accidents 

involving heavy trucks (ibid.). According to the 100-Car Naturalistic Driving Study, 80 percent of 

all crashes and 65 percent of all near-crashes involves driver inattention, i.e. both drowsiness and 

distractions, specifically looking away from the forward road-way just prior to the incident 

(Dingus et al. 2006:349). 

2.2 The SeMiFOT study 

Data collected in the Sweden Michigan Naturalistic Field Operational Test (SeMiFOT) study will 

be used in this thesis in developing the driver inattention algorithm. The scope of the SeMiFOT 

project was to develop the Naturalistic Field Operational Test (FOT) method, and focused on 

the methodology in collecting, storing and analysing data. The Swedish part of the project 

collaborates with the University of Michigan Transport Research Institute (UMTRI), which is 

world leading in conducting naturalistic FOT’s and has also pioneered the methodology. 

The naturalistic method involves collecting data from a multitude of vehicle-sensors in real 

driving situations in which drivers, both professional and non-professional, are performing their 

everyday trips. Video and environment sensing are used to identify road incidents and to make 

sure that intelligent vehicle systems such as lane departure warning are working as expected. 

The Swedish contribution includes 18 vehicles: 11 cars, 6 trucks and 1 bus. Scania was 

participating with two trucks and nine drivers, and the data was collected during a period of six 

months (SeMiFOT – A Safer project). A short interview with one of the participating drivers was 

also conducted to get some insight on the sleeping habits when on the road (Interview with Driver 

40009). 

2.2.1 SeMiFOT data base structure 

The SeMiFOT data base consists of the data for all the participating companies and all 

participating companies have access to each others data as long as the same signals have been 

logged. The data retrieved for this project however is only Scania logged data. The data was 

divided into two parts; dsCAN which contains the vehicle parameter data and dsDSSR which 

contains the data derived from the cameras filming the driver and the road. For a schematic 

overview of the data base structure, see Appendix A. In addition, the video data itself was 

available and the angles filmed are shown in Figure 1. The data logged in dsCAN was sampled at 

10 Hz and the data logged in dsDSSR was sampled at 60 Hz. 
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Figure 1. The camera views from SeMiFOT: Axis 1, Axis 2, Axis 3 and Axis 4 from top left to bottom right 

respectively. 

The video data is filmed using cameras placed according to Figure 2.  

 

Figure 2. The cameras used to generate the video data in SeMiFOT. 
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2.3 Earlier work 

The earlier work examined in this project consists of thesis’s and research reports. A patent 

search has also been conducted 

2.3.1 Patents 

A patent search was conducted via PRV’s1 online service Esp@cenet. The search was carried out 

world-wide and search keywords included “inattention”, “drowsiness”, “sleep”, “prediction”, 

“prevention” and combinations thereof. 

A majority of all relevant hits included some kind of device for attaining gaze direction or eye-lid 

movement data or they measured physiological parameters, e.g. EEG2 or skin conductivity. 

Another vast category of patents were such that a special measuring technique was patented, but 

not the detection algorithm itself, nor was the use of specific signals.  

The conclusion from the patent search was that no patents were found that implies any 

limitations for the work in this thesis. 

2.3.2 Thesis’s and research reports 

Previous work has mainly focused on drowsiness detection and almost all of them have used 

simulated data. The reports studied at the beginning of this project, are thesis’s done at Scania for 

KTH and Chalmers and research reports from for example VTI3.  

2.4 Inattention 

The measures to assess the level of inattention can be subjective rating scales, physiological 

testing or measures of performance. In Sweden, and the rest of Europe, a subjective rating scale 

developed by researchers at Karolinska Institutet called Karolinska Sleepiness Scale (KSS) 

(Anund, 2009), is commonly used (see section 2.4.3). Physiological testing carried out on the 

driver can be for example EEG or heart rate measurements (Dewar et al. 2007:104). Also 

continuous monitoring of eye closing rates with camera can be put in this category.  

In this thesis, inattention assessment will concentrate on measures of the driver’s performance, or 

ability to operate the vehicle. The term inattention will be used to describe a person’s state when 

experiencing either drowsiness or distraction. The two components will be defined in the 

following chapters. 

2.4.1 Definition of drowsiness 

Sleepiness, drowsiness, fatigue and tiredness are all terms describing a state of reduced alertness 

but differ in definitions and causes. A lot of research on this topic has been made and many 

                                                 

 

 

1 Patent- och Registreringsverket (Swedish Patent and Registration Office) 
2 Electroencephalography – recording of brain activity. 2 Electroencephalography – recording of brain activity. 
3 Statens väg- och transportforskningsintitut (Swedish Road- and Transport Research Institute) 
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different definitions and synonyms have been used. In this thesis the term drowsiness will be 

synonymous with the term sleepiness. Fatigue on the other hand, differs from the previously 

described and is defined as a state of mental tiredness, caused by stress, high workloads or long 

hours, or physical tiredness, caused by driving or sitting still for many hours. Mental fatigue will 

be the focus in this thesis as today’s vehicles do not require substantial physical effort. Some 

define drowsiness, or fatigue, as a subjective term and some in terms of its effect on performance 

(Dewar et al. 2007:103).  

Since no actual measurement or subjective assessment of drowsiness will be made in this thesis, 

but rather an attempt to find signs of inattention, all the above described definitions will be 

considered.   

2.4.2 Causes of drowsiness 

The most obvious causes of drowsiness are long, monotonic working passes and lack of sleep. 

But also time of day, and sleep at the wrong time of day, are contributing factors, as well as the 

use of medical drugs that have sedating effects (Dewar et al. 2007), and the time since awakening 

(Åkerstedt et al. 2008).  

When working long hours, a part of the job when it comes to professional drivers, driving 

performance deteriorate with time on the road. In combination with the time of day, the effects 

on driving performance may be exacerbated (Dewar et al. 2007 & Kircher et al. 2002:25).  

The time of day affects alertness and performance due to humans’ built-in physiological rhythm 

called the circadian rhythm. It deals with allocating physiological functions to time of work; that 

is in the normal case day time. The normal down time occurs at night and performance is poorest 

between 02.00 and 06.00 in the morning. A low point in alertness is also experienced after lunch, 

between 14.00 and 16.00, called the “after-lunch dip” (Dewar et al. 2007:108). Research implies 

that these circadian factors are as heavy contributors to sleepiness as the length of the drive, 

although only the duration is stated in legislation (Horne et al. 1999). 

Apart from these causes, it has been suggested that the level of noise, and in particular specific 

frequencies, and vibrations inside the vehicle may increase drowsiness (Anund et al. 2002). Noise 

and vibrations may be induced from for example the engine or wheels against the road.  

2.4.3 Karolinska Sleepiness Scale 

The Karolinska Sleepiness Scale is a subjective scale ranging from one to nine, where one is very 

alert and nine is very sleepy. The full scale is shown in Table 1. 
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Table 1. The Karolinska Sleepiness Scale (KSS) 

Rate Verbal description

1                    Very alert

2                    

3                    

4                    

5                    Neither sleepy nor alert

6                    

7                    Sleepy, but no effort to stay awake

8                    

9  Very sleepy, an effort to stay awake, fighting sleep  

The KSS values are rated by the test subject every five or ten minutes, depending on the survey, 

and the subject is to give the value that best corresponds to the past five or ten minute interval 

(Anund 2009). 

If a subject has a KSS value between one and five, the risk of sleepiness related accidents is low. 

A value between five and seven represents a slight increase in risk and in combination with 

factors such as monotonous work, long drive time and alcohol the day before increase the risks 

further. When the value reaches seven to eight, the risk of an accident is high and the subject 

should refrain from driving. Other sleepiness related factors such as the ones mentioned above 

represent an additional increase in risk. A KSS value between eight and nine represents a very 

high risk and the subject should not be driving. This high value is equivalent to a Blood Alcohol 

Concentration (BAC) of 0.08 %, the legal limit in Sweden being 0.02 % (www.alecta.se & 

www.vv.se). 

2.4.4 Definition of distraction 

The subject of distraction as a contributing factor to inattentive driving is not as well investigated 

as that of drowsiness. This has in turn contributed to the difficulty of coming to an unequivocal 

definition of the term distraction that is both well-founded in theory and empirically applicable 

(Kircher 2007:53). A conference on the subject was held in Toronto in 2005 and still the 

definitions varied. In April 2006 however, the results and recommendations from the conference 

were published and the definition of distraction was stated as follows: 

Distraction involves a diversion of attention from driving, because the driver is temporarily 

focusing on an object, person, or event not related to driving, which reduces the driver’s 

awareness, decision-making, and/or performance, leading to an increased risk of corrective 

actions, near-crashes, or crashes (ibid. p. 12). 

This definition does not take into account contributing factors such as alcohol or drug 

impairment or the psychological state of the driver. Given the nature of this thesis, the aim is to 

detect inattention caused by these factors as well as by visual, auditory and biomechanical factors. 
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2.4.5 Causes of distraction 

Distraction can be divided into three categories depending on what is the underlying cause of 

distraction. The three categories, as described in the 100-Car Study (Dingus et al. 2006:157) are 

Secondary task distraction – caused by driver operations that divert his or her attention from the 

driving task. Examples are talking on the phone, talking to a co-passenger or making changes in 

instrument settings. 

Driving-related inattention to the forward roadway – includes behaviour directly to the driving 

task but where the driver’s attention is drawn away from the forward field of view. This includes 

for example checking instrumentation or looking in side mirrors. 

Non-specific eye glance away from the forward roadway – cases where the driver glances away 

from the roadway at an unspecified object outside the vehicle, but without use for the driving 

task. 

A U.K. study looking at data from 1985-1995 concluded that about two percent of fatal accidents 

were caused by distraction (Dewar et al. 2007:198). Another study, with data from the National 

Accident Sampling System Crashworthiness Data System, found that 8.3 percent of drivers were 

distracted at the time of a crash. The study also presents objects of distraction and the cumulative 

distribution of the categories. The study found that the largest category was distraction from 

outside persons, objects or events followed by other distractions (such as medical ones), adjusting 

audio equipment and another vehicle occupant (ibid. pp 198-199). 

2.4.6 Detecting vs. predicting 

The difference in detecting versus predicting drowsiness may make all the difference as when 

detected; it may already be too late for an accident to occur. The goal is to predict drowsiness in 

order to avoid accident or situations of unsafe driving behaviour. As for distractions, a similar 

conclusion can be made. Therefore the aim of this thesis is to predict the deterioration of driving 

performance and see if it can be linked to distractions when driving. The detection of the two will 

also be examined for verification and comparison. 

2.5 The tachograph and regulated drive time 

When driving commercial vehicles a lot of rules and regulations need to be followed in order to 

maintain desired traffic safety. Drive time is the time the vehicle is driven including short stops 

like traffic signals and queues. If the driver leaves the wheel for 15 consecutive minutes or more 

it is seen as a break. A commercial driver is allowed to drive nine hours a day, with the ability to 

prolong it to ten hours a day, twice a week. The maximum number of hours per week is 56 and 

the maximum amount of hours in a two-week period is 90. The drive time in one day must be 

divided into shifts of maximum 4.5 hours followed by a 45 minute break. The break can be taken 

in full or divided into two parts where the first one must be a minimum of 15 minutes and the 

second one a minimum of 30 minutes.  

In every 24-hour period, a coherent rest of a minimum of eleven hours must be taken. This can 

be reduced to a minimum of nine hours three times a week. The daily rest can be divided into 

two parts where the first part must be at least three hours and the last at least nine hours. Drivers 

can interrupt a normal daily rest twice to do things like boarding a boat or a train. These breaks 
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are not allowed to be longer than one hour. Both the 11-hour rest and the 3+9-hour rest is 

considered a normal daily rest, the reduced rest of nine hours is not allowed to be interrupted.  

In every weekly period, drivers must rest a minimum of 45 hours. Every other week, the weekly 

rest can be reduced to 24 hours at the lowest. The reduction must be compensated for before the 

end of the third week following the reduction. This is done by resting in connection to another 

resting period and for a minimum of nine hours. The weekly rest should commence, at the latest, 

six 24-hour periods from the end of the preceding weekly rest (6 x 24 = 144 hours). 

If the vehicle is manned by more than one driver, each driver must take a daily rest of at least 

nine hours in each 30-hour period, counted from the end of the previous days or weeks rest 

(Körtider, raster och vilotider – Yrkestrafikportalen).  

From May 1 2006, all newly manufactured trucks and buses working in the EU must have a 

digital tachograph (ibid.). The tachograph records parameters such as drive and rest time making 

it easier for drivers, companies and authorities to control that the rules and regulations are 

followed properly.  

In comparison to European regulation, United States rules look a bit different. The U.S. Hours-

Of-Service (HOS) Regulations (Federal Motor Carrier Safety Administration – Hours-of-service 

Regulations) permits up to eleven hours of coherent driving during a 14 hour period after ten 

consecutive hours off duty. A driver may not drive after 60/70 hours on duty in 7/8 consecutive 

days and a new 7/8 day period may be restarted after at least 34 hours off duty (ibid.).  

2.6 The Sleep/Wake Predictor 

As mentioned above, latent sleepiness or the circadian rhythm, i.e. the physiological urge of 

wanting to fall asleep, influence the level of sleepiness. This as opposed to manifest sleepiness 

observable through driving behaviour signals (Sandberg et al. 2008). Efforts have been made to 

try to predict alertness or performance through mathematical models. One such model is called 

the Sleep/Wake Predictor (SWP), previously called the three-process model of alertness, 

developed by Åkerstedt et al. (2004). It takes three components into account: sleeping pattern, 

the circadian rhythm and the “after-lunch dip”. The sleeping pattern is in turn based on three 

factors, namely time of day, time since awakening and duration of prior sleep. 

The three components are summed together to form a sleepiness index that is related to the KSS 

scale. 

2.6.1 The model 

The model is based on data from experiments using subjective assessment of alertness, and it is 

comprised of three components, or processes. 

Process S represents the time since awakening and is modelled with an exponential function with 

its high point on the moment of awakening and thereafter declining to a lower asymptote at the 

end of the waking period. When sleep is commenced, the function reverses to represent the 

“gain” in alertness during the sleeping period. Process S then becomes process S’, which is also 

exponential growing rapidly in the beginning to level off towards its upper asymptote at the end 

of the sleeping period (Åkerstedt et al. 2004). The functions behind process S are defined as 
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where t is the time in hours, ta is the time of awakening, d is the rate of decay and L is the lower 
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where ts is the time of falling asleep, H is the upper horizontal asymptote and 
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The constants in Equations (1) and (2) has default values of L = 2.4, d = 0.0353 and H = 14.3 

(ibid.). In Åkerstedt et al. (2008), a restriction on S’ is introduced, to better reflect the increase in 

sleepiness across several days of sleep deprivation, as well as accounting for the prevention of too 

quick recovery. The restriction is set up as a break point preventing an increase in steepness of 

the exponential function below a certain value of S’. This yields the following complete set of 

process S functions 
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Equation (4a) introduces one new constant, Sb, which is the break point, set to 12.2 according to 

Åkerstedt et al. (2008), and one new variable, tb, which is the point in time where S equals Sb. The 

other notation is defined in Equations (1)-(3). 

Process C represents the body’s biological clock, the circadian rhythm. It is modelled by a sinus-

wave peeking in the after-noon (Åkerstedt et al. 2004), defined as 
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In Equation (5), ac = 2.5 and pc = 18. 

Process U representing the “after-lunch dip”, the ultradian rhythm, with a dip in alertness at 

15:00 hours is defined as 
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where mU = -0.5 and pU = 15. 

The result from the SWP, the sum S+C+U, can be transformed into a sleepiness level scale with 

nine steps similar to the KSS scale, according to 
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The individual signals from the SWP and the converted KSS value are modelled for a period of 

36 hours and can be found in Figure 3. 

 

Figure 3. The SWP and KSS value modelled over a period of 36 hours. 

2.7 Signals and functions 

The sensor signals, and functions including them, will be used as indicators of inattention and 

their hardware configuration will not be examined. A large number of signals are available in a 

truck, but the signals described below are chosen after consulting previous research as well as 

advisors at Scania. 

2.7.1 Signal filtering 

The signals from SeMiFOT were filtered both to get rid of high frequency noise and to filter out 

frequencies of interest when examining for example micro corrections. The two groups of filters 

used were FIR and Butterworth filter types. 

FIR filter 

Discrete Finite Impulse Response (FIR) filters were used to create a running mean of the signal, 

which serves as a kind of low pass filter. The filters were of direct form described in Figure 4.  
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Figure 4. Schematics of the FIR filters used (Matlab 2008b: Simulink help: Discrete FIR Filter). 

As illustrated in the figure above, each z-1 represents a unit delay in time and the bi boxes 

represent a gain which can be individually set. The gained value for the signal at every discrete 

time is then summed to form the output. 

To implement a running mean filter, the filter coefficient bi for a filter with order N is written as 
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where the order is chosen to correspond to the desired window size (N), thus creating a mean 

value with a sample size equal to the window size. 

Butterworth filter 

A Butterworth filter has minimum ripple in the pass band, thus giving a smooth filtered signal, 

but rolls off slower to zero than other filters (Matlab 2008b). The response curve of a 

Butterworth filter is shown in Figure 5.  
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Figure 5. The response curve for Butterworth filters. 

2.7.2 Lane Departure Warning System (LDWS) 

One of the most common types of single vehicle accidents is Run-Off-Road (ROR). The most 

common approach for preventing RORs are rumble strips on road shoulders, which are basically 

grooved pavement placed 6-15 cm outside the lane boundary (Batavia 1999:11-12). When a 

vehicle crosses the rumble strips, the vibrations cause a warning sound to alert the driver of the 

situation. The rumble strips are not a precaution and a system predicting RORs is therefore 

desired. In recent years the Lane Departure Warning Systems, or LDWS, have become 

increasingly common in vehicles. It has even been decided that all heavy trucks in the EU will be 

required by law to have this kind of system by 2015. The LDWS is a system that, with help of the 

lane markings, keeps track of the vehicles position on the road (see Figure 6). 

 

Figure 6. Illustration of the lane marking detection for the LDWS. 
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The most common type of LDWS uses a video camera to detect the side lines, but other systems 

using different technology such as radar, infrared cameras and GPS are also available on the 

market. Ziegler et al. (1995:3) conducted an experiment with a video camera based LDWS, where 

the camera was placed behind the windshield to detect the road in front of the vehicle. The video 

image was then processed to perform the lane marking detection where three variables were 

extracted: lane width, lateral position and yaw angle of the vehicle. These variables were then 

used, in combination with the longitudinal vehicle speed, to calculate the Time-to Lane Crossing 

(TLC). The TLC was then used as a threshold limit value for the warning . 

The TLC signal reaches zero when the vehicle exceeds the lane boundary, but the signal is 

available on CAN as long as the LDWS is available. 

2.7.3 Steering wheel angle (SWA) 

One parameter often used in driver inattention detection is the angle and the angular velocity of 

the steering wheel. The driver is in constant contact with the steering wheel and corrects the 

position of the vehicle through it. Research shows that steering wheel variability is related to 

driver inattention and it can be detected in different ways. Two of the most common are micro-

correction in steering and reaction time (Kircher et al. 2002:20 & Kanstrup et al. 2006:20).  

Micro-corrections are a direct result of environmental factors, such as bumps in the road, and are 

necessary for maintaining the course of the vehicle (Kircher et. al 2002:21). These corrections are 

in the frequency range of 0.3 – 10.0 Hz and the influence of these corrections by the driver is 

usually not more than 0.1 % of the maximum steering wheel rotation of a private car (Kanstrup 

et al. 2006:20). The frequency range of micro-corrections, according to Kanstrup and Lundin 

(2006), is between 0.3 and 6-7 Hz which is the limits that will be used in this report. However the 

amount of micro corrections decrease with increased drowsiness and can therefore serve as an 

indicator for detecting ditto (Kircher et al. 2002:21). To avoid the impact of road curvature when 

looking at the signal, a running average can be subtracted from the signal. This eliminates the low 

frequency contribution due to turning the steering wheel in curves. 

2.7.4 Steering wheel angle velocity 

The steering wheel angle sensors mounted in the SeMiFOT trucks did not include measurement 

of steering wheel angle velocity, although such sensors exist. To be able to use the signal anyway, 

the velocity was derived from the steering wheel angle time derivative according to 

 SWA _vel
SWA(t t0) SWA(t t0 1)

tsample
. (9) 

A discrete FIR filter set up as a running mean with a three sample time window were used to 

smooth out the SWA signal prior to derivation. 

A drowsy driver or a driver with his or her attention directed off the road may as stated above 

make large steering wheel movements to correct for external interference of the truck’s direction. 

If the truck deviates far from its desired path before the driver notices it, it can be assumed that 

not only the steering wheel angle but also the steering wheel angle velocity in such cases would be 

large due to the driver’s desire to quickly turn back to the desired path. 
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The steering wheel angle can be large due to for example curves, during take-over or departure 

lanes or other cases where the driver makes conscious decisions of turning the wheel. However, 

since such cases are conscious and can be planned in advance, the SWA velocity may be assumed 

to be low. Therefore, this measure might be used as a discriminant between such cases and 

correction cases due to inattention.  

2.7.5 Ellipse function 

A combined measure of the two former described signals, namely steering wheel angle and ditto 

velocity, were introduced as the ellipse criterion in (Kanstrup et al. 2006). The name originates 

from the shape a graph takes when plotting steering wheel angle against the angle velocity over 

time. 

In this study, the area of the ellipse enclosing the graph during the examined time window will be 

used as measure. Mathematically, the area of an ellipse is described by 

 Aellipse a b, (10) 

where a and b are half the length of the ellipse’s major and minor axes respectively. 

In terms of enclosing a plot between SWA and SWA velocity, the ellipse area can be written as 

 Aellipse max(SWA) max(SWA_velocity), (11) 

where the maximum values are calculated during a certain time window. 

Theory states that a distracted driver has a larger ellipse area than a non-distracted driver. 

According to previous research, the ellipse function can also be used to detect drowsiness where 

the same relationship holds (see Figure 7 a,b). 

 

 

Figure 7 a,b. To the left a non-distracted driver behaviour, to the right a distracted driver behaviour. 

2.7.6 Frequency content 

In order to analyse the micro-corrections of a driver, the steering wheel angle signal can be 

transformed from the time domain to the frequency domain using the Discrete Fourier 

Transform (DFT). The DFT is defined as 



  20 

 
1 2

0

      0,..., 1
nN i k
N

k n
n

X x e k N  (Matlab 2008b). (12) 

The transformation enables analysis of the energy content of different frequency bands. 

2.7.7 Reaction time 

Another way to detect inattention through steering wheel adjustments is to measure the reaction 

time between an extreme value of lateral acceleration and an extreme value in steering wheel 

torque (see Figure 8). An alert driver would respond to the changes in lateral acceleration via a 

micro correction to keep the vehicle in its course, whereas an inattentive driver would have an 

increased reaction time (Kanstrup et al. 2006).  

 

Figure 8. Principle of calculation of driver reaction time. 

In the SeMiFOT data however, the steering wheel torque was not present thus another way of 

measuring the reaction time was needed. The only steering wheel parameter available in the 

SeMiFOT data was the angle and so a function thereof was used. As the steering wheel torque is 

proportional to the angular velocity of the steering wheel  

         M I M , (13) 

the steering wheel angle signal was derived and the angular velocity used instead. 

2.7.8 Standard deviation 

The standard deviation (stdev) is a measure of the variability of a signal. It shows how much the 

signal deviates from the mean and can be calculated according to 
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where N is the number of samples and x is the sample mean. The standard deviation are 

calculated post hoc and yields a scalar value. In order to examine the standard deviation as a 

continuous signal over time, a running standard deviation can be applied over a specified time 

window according to 
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where u is the signal value at the specific times tn. 

2.7.9 Lane position and lane width 

The distance to the right and left lines, as well as the lane width, are calculated with the help of 

the LDWS camera and used for determining the truck’s position on the road. It has been 

suggested in research that tired drivers tend to keep the vehicle more on the right side of the lane 

to prevent head-on collision with oncoming traffic (Kircher et al. 2002). 

The LDWS system gives an easy way to control how the vehicles’ lane position was during the 

study. To give an easier and more intuitive picture of the lane position, the LDWS measures were 

recalculated to represent distance to the middle of the lane (DTM) according to 

 DTM
1

2
LaneWidth DistanceToLeft, (17) 

where DTM is positive when on the left side of the middle and negative when on the right side. 
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3 Method 

This chapter describes the methods used for different parts of the project. The model used for the statistical analysis 

is described as well as the algorithm development. 

3.1 Working process 

The project started with a literature study where earlier research as well as theory was 

investigated. The material was found in printed media, published articles and on the internet in 

addition to input from advisors both at Scania and KTH.  

Parallel to the literary review, the in-house Rapid Prototyping System (RPS) was investigated and 

tested thoroughly. Simple Simulink-models where CAN messages were sent and received were 

created and tested in real time driving in a truck. The logged signals were analysed and simulated 

on desk. 

The data from the SeMiFOT study was not present at Scania at the beginning of the project and 

therefore the statistical analysis did not commence immediately at the start of the project. After 

retrieving the data from SAFER in Gothenburg, the raw data had to be sorted in order to be 

analysed. Considering the vast amount of data, the database at SAFER was used to choose 

specific trips with different attributes, i.e. vehicle speed over 60 km/h. These trip-IDs were then 

used to initiate the conversion of data to .mat-files. 

The result of the analysis of the data set was used in the model development in Simulink. The 

models were simulated in Simulink and the CAN interface was tested on the RPS, both in vehicle 

and on desk, with the aid of CANAlyzer. 

As the work progressed, different sections of the report was added. 

An approximation of the time on task in this project was made and is presented in Figure 9. 

 

Figure 9. Time on task in the project. 

3.2 Data handling 

The vehicles used in the SeMiFOT study were equipped with loggers that started logging when 

the ignition was on and stopped logging when the ignition was turned off. Every on/off 
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sequence was then saved as a separate log file. When put in the database, the trips were given 

names on the format  

Trip_NNN_YYYYMMDD_HHMMSS. 

The NNN part is the identification number used in the database and spanned from 345 to 10918 

with some, although not consistent, chronological order. In total, the data set consisted of 1874 

trips, or log files. 

3.2.1 Trips and working passes 

The logging process yielded a lot of short stubs that was not suitable for any data handling. Thus, 

a method had to be developed to be able to look at longer, coherent sequences. 

The method used was to try to put together full working passes for each driver. The time and 

date for each log file was available, and by concatenating log files from the same day and log files 

with time stamps that differed no more than a couple of hours, the drivers’ working passes were 

recreated. A considerable amount of stubs were only a couple of minutes long and some of these 

log files did not contain any data, even though the file was created. These stubs were not included 

in the working pass sequences. In total, this process yielded 137 unique working passes. 

However, there turned out to be a lot of complete working passes, i.e. subsequent trips on the 

same day, only containing stubs of a couple of minutes up to half an hour of driving each. These 

working passes have also been excluded, leaving 48 complete working passes. One driver was 

omitted completely because of this. 

For the remainder of this report, a trip will be defined as a complete sequence as logged by the 

SeMiFOT equipment, i.e. every log file is a trip; and a working pass will be defined as a number of 

consecutive trips concatenated into a full working pass of maximum 9 hours. 

3.2.2 Tired and alert trips 

To try to make a first distinction in the data, with respect to drowsiness, the working passes was 

sorted by time of day. Due to the circadian rhythm and human physiology, people are as most 

tired between 2:00 am and 6:00 am. This, together with information on the working load the 

previous days along with the duration of the current working pass, was used to make a distinction 

between supposedly tired and not tired drivers. For a list of working passes, see Appendix B. 

When looking at specific times, e.g. night time driving, the individual trips were examined. For a 

list of supposedly tired and supposedly alert trips, see Appendix C. 

The data was originally in a specific format, called ADR2, used by Autoliv for confidentiality 

reasons and it had to be converted to files usable in Matlab. This was done with Autoliv’s 

software for handling ADR2-files and scripts created in Matlab for sorting and function calling. 

Since the system was thought to initialize in speeds over 60 km/h, a speeding limit was also 

incorporated in the analysed files. This also got rid of city driving and sharp turns that would 

make the data hard to interpret. 
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3.2.3 Data analysis 

The tired and non-tired data sets were compared with respect to finding differences in driver 

behaviour caused by drowsiness. These tests were done per driver. 

Regarding distractions, the discrete distraction sequences were identified and the sensor signals 

with corresponding time stamps were derived and analysed. As a reference, an equally long 

period right before and after a distraction sequence was analysed. The possible differences found, 

and the appearances of the signals, were then compared to arbitrarily chosen sequences to see 

how unique the signatures of the signals during distraction were. 

3.3 Equipment 

This section describes the equipment used in this project including the Controller Area Network 

and computer programmes. The sensors in the vehicles are used indirectly, hence their physical 

layout will not be examined here, merely the signals described above in section 2.8. 

3.3.1 Controller Area Network (CAN) 

CAN technology was originally developed for automotive applications and is the industry 

standard for communication between the vast amount of microcontrollers in vehicles without the 

use of a host computer. CAN is a message based serial network for real-time task handling. A 

CAN message is distinguished by a unique message identifier, it does not take into account 

transmitter or receiver of the message, thus making it easy to add and remove control units from 

the network. All nodes listen to all messages and a filter passes relevant messages that are 

processed. Other messages will be ignored. All nodes share the same communication bus and the 

messages are passed based on priority incorporated in the unique ID of a message, i.e. higher 

priority messages will go through first and the node sending lower priority messages will hold. 

This also ensures that no messages get lost (Voss 2008). 

Message architecture 

The CAN messages at Scania are of extended format, meaning the message identifier length is 29 

bit allowing a maximum of 229 unique messages. The message can contain up to 8 bytes of data. 

3.3.2 Matlab and Simulink 

Matlab and Simulink were used continuously throughout the project; it was used for data 

handling, testing and building the algorithm. Matlab works in past time hence need all the data 

before execution, whereas Simulink is a real time simulation program that simulates the 

algorithm. This means in reality that to use past-time values in Simulink, buffers have to be used 

in the model. The algorithm was mainly built in Simulink with some embedded Matlab functions. 

The built-in Stateflow module was used to build finite state machines. 

3.3.3 CANAlyzer 

CANAlyzer was used to set up the data logging of the CAN messages through the OPC4 unit 

(CANAlyzer v. 7.1.43). The software also contains a database editor for handling the CAN 

databases where messages can be written and buses where they are collected from can be defined. 
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CANAlyzer was also used for simulation on desk. The logged files were re-played via CANAlyzer 

and the OPC4 unit and simulated in Simulink as real time driving.  

3.3.4 Rapid Prototyping System (RPS) 

The controller used in the RPS was an OPC4, a controller produced at Scania to control the 

transmission but now used as a testing unit that is reprogrammed for the task at hand. The RPS 

enables easy testing of models made in Matlab and Simulink using dedicated Simulink blocks for 

CAN access. It also allows logged CAN data to be simulated. An external control unit is 

programmed with the model and connected to the CAN. Sent and received messages are then 

logged in CANAlyzer. 

The CAN blocks convert the CAN message signals to the correct unit and outputs decimal 

values in Simulink. 

The OPC4 unit was programmed and used for real time testing in the vehicles as well as 

simulating the interface to CAN. 

3.4 Algorithm development 

The algorithm development was based on the results from the data handling and the Sleep/Wake 

Predictor. The different functions were modelled in Simulink with the objective to create as 

efficient C-code as possible when compiled. The in-house rapid prototyping blocks were used to 

make the model compatible for CAN and the OPC4. Memory aspects regarding functions as well 

as variables were considered.  
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4 Results 

This chapter describes the findings of this thesis work. It includes sections describing the results of modelling the 

SWP as well as sections regarding the outcome of the data handling and functions described in chapter two. 

The data classification gave 48 unique working passes for the 8 drivers. Of these, 22 passes were 

classified as tired, and 28 trips as not tired. The reason for the total of 50 here is due to the fact 

that two working passes were split up and qualified as both tired and not tired. One driver had 

not driven enough to produce a full coherent working pass. The time series only included data 

from where the vehicle speed exceeded 60 km/h. From the non-tired sequences, a reference in 

the beginning of each trip was derived. This reference was to be compared to sequences of equal 

length to reveal any deterioration in driver performance over time. 

The primary tasks were to find differences in signals from the supposedly tired sequences in 

comparison with the non-tired sequences and to find sequences where distraction was apparent. 

The distraction sequences were found by identifying LDWS warnings, warning flags from the 

DSSR signal Distraction and watching video footage corresponding to those warnings.  

4.1 The Sleep/Wake Predictor 

The SWP was modelled in Simulink using Stateflow and embedded Matlab functions. As it would 

be unreasonable for the driver to have been sleeping the whole time he or she was away from the 

vehicle, an offset was added in the model. The offset was set to one hour, both for awakening 

and for going to sleep. This should however be investigated further in future studies and tests. To 

have an offset on the examined data depending on whether the driver was in the vehicle or for 

example on the way home would be useful. 

A saturation of the amount of time slept was also introduced and set to eight hours since it is 

unreasonable that the driver’s were asleep at all times when the SeMiFOT data was unavailable. 

This was to compensate for when the driver was away from the vehicle on, for example, weekly 

rests. The eight hours were chosen as that represents a normal night’s sleep and it was assumed 

that the driver was well rested after a weeks rest.  

The restriction on the S-signal of the SWP is not included in this thesis, but can easily be 

introduced in future studies to better reflect the deterioration of alertness over several days of 

sleep deprivation. 

The SWP was modelled using created signals of time and date as well as logged data from shorter 

trips during the project. A simplified signal from one of the SeMiFOT working passes was 

created where the start of a trip was assumed to be the driver’s time of awakening and at the end 

of a trip it was assumed the driver went directly to sleep. A working pass of three days was 

simulated and the result is shown in Figure 10. 
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Waking up day 1 Waking up day 2

Waking up day 3

Falling asleep day 1
Falling asleep day 2

Falling asleep day 3

Waking up day 1 Waking up day 2

Waking up day 3

Falling asleep day 1
Falling asleep day 2

Falling asleep day 3

 

Figure 10. A three day working pass’ simulated driving. 

The figure shows a trip without the offset, hence a much overestimated amount of sleep is used, 

but it clearly shows the alertness deterioration over time and the usefulness of the SWP is 

obvious. The KSS value in red shows an increasing trend over several days of driving and is on 

the critical level seven on the third day. 

4.2 Data extraction 

To extract the data and convert it to .mat-files, a script called ADR2BinDataRead, developed by 

Autoliv, was used and Matlab scripts doing the conversion automatically were created. The 

scripts chose the trips to be used from excel files generated with the help of the data base at 

SAFER, containing information on trip-ID and time and date for start and stop for the trips. 

Scripts to put the trips together into working passes were also created using excel files including 

information on driver id, vehicle-ID, trip-ID and start and stop time of the trips. The amount of 

data was vast and the scripts were often run over night to save time. One example of the Matlab 

scripts created can be found in Appendix D.  

4.3 Video data 

The examination of the video data was conducted throughout the entire project, mainly to find 

interesting sequences to further investigate the different CAN signals. Partly, video data was used 

to validate the algorithm’s findings of inattentive behaviour. 
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The video data assessment was conducted on trips where sequences were found during the 

SeMiFOT SQL data base search as well as randomly chosen trips. It contained data from both 

“tired” and “alert” trips. The assessment was performed by watching video from the two camera 

views where the driver was visible (axis 2 and 3), and yielded a number of sequences where the 

driver was noticeably distracted, for example using a mobile phone or reading a document. 

Sequences shorter than five seconds were not considered due to unsynchronized video and signal 

data. It would be impossible to find the corresponding signal time stamps for such short 

sequences. 

The video review also showed that the SeMiFOT data set definitely contains sections where the 

driver appears to show signs of tiredness and fatigue. This conclusion was drawn by the visual 

behaviour of the drivers, for example yawning and stretching. 

However, in none of the examined cases were there any signs of the driver dozing off or micro-

sleeping, and no incidents were found where drowsiness can be said to be a contributing factor. 

A complete list of examined data and found distraction sequences can be found in Appendix E, 

together with driver identification information. 

4.4 Steering wheel measures 

The steering wheel angle was the signal that according to theory had the most potential to be 

used as both a drowsiness and distraction detector. It was also the most manipulated signal, used 

in different measures as a function of the steering wheel angle. 

4.4.1 Curve compensation 

Since the steering wheel angle measure naturally depends on the appearance of the road; a large 

number of curves give rise to large steering wheel angles, independent of driver, and this has to 

be accounted for in order to use it as a measure of micro-corrections. 

Therefore, to compensate for road curvature, a running mean (discrete FIR filter) with a time 

window of four seconds was subtracted from the steering wheel angle signal. This evens out the 

steering wheel motion pattern when turning in curves (see Figure 13, display a and b). 

 

Figure 13, display A. Original steering wheel angle signal. 
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Figure 13, display B. Steering wheel angle signal with curve compensation. 

The new steering wheel angle signal is now normalized around zero, where the fluctuations are 

assumed to be represented mostly by the driver’s micro-corrective behaviour. 

4.4.2 Steering wheel angle velocity 

When looking at the absolute value of the steering wheel angle (SWA) velocity during entire trips 

where the driver evidently was distracted a number of times, the distraction sequences could be 

identified in the signal just by looking at the signal pattern manually, as shown in Figure 14. 

 

Figure 14. Absolute value of SWA velocity. The distraction sequences found in video are marked with red lines. 

The data for the figure above comes from Driver 40006, Trip 714, see Appendix E for a list of 

distractions. 

As can be seen in Figure 14, the signal amplitude increases inside the vertical markings 

corresponding to distractions. Furthermore, it shows that the model only calculates the function 

when the vehicle speed exceeds 60 km/h. Based on this manual identification, the SWAvel_abs 

function shows quite distinct behaviour during the distraction sequences, even when looking at 

long sequences, and additional distractions were actually identified by the function that 
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subsequently could be confirmed by video data. Similar patterns were found for the whole data 

set examined, implying that the function could be a good indicator for driver distraction.  

4.4.3 Ellipse criterion 

A drowsy driver with slow reaction time and no micro-correcting behaviour is assumed to 

generate large ellipses as the compensation of vehicle position would give large steering wheel 

angle values and angle velocities while compensating lane drift. It would also be reasonable to 

believe that the ellipse areas are growing larger over time, as the driver presumably gets more 

tired.  

The input signals to the ellipse function, namely steering wheel angle and ditto velocity, were 

averaged over ten second windows, before the maximum values and the corresponding areas 

were calculated. The maximum values were calculated over 10 second windows. 

In Figure 15, ellipse areas were calculated with the Simulink model from Trip 351 lasting from 

approximately 01:00 to 04:00. Note that the function is only calculated when the vehicle speed 

exceeds 60 km/h, and that the steering wheel angle signal is road curvature compensated by 

subtracting a four second running mean (FIR-filter). 

 

Figure 15. Ellipse areas from night drive. 

Figure 15 reveals, along with other trips and drivers, that there was no apparent deterioration of 

driver performance over time based on ellipse area.  

When looking at moments of driver distraction, differences were found when comparing the 

ellipse area of the actual distraction sequence with an equally long reference sequence right before 

the distraction sequence, as can be seen in Figure 16 a and b. 
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Figure 16 a,b. On the left, the result of the ellipse function for a reference sequence. On the right, the ellipse 

function during a distraction. 

In Figure 16, the actual steering behaviour is plotted, rather than the ellipse area, but the areas in 

the model were calculated as the largest ellipse enclosing the graph. Figure 16 clearly shows a 

difference between the reference (Display A) and the distraction sequence (Display B). In six out 

of nine examined cases where the drivers were distracted, the ellipse area was enlarged during the 

distraction sequence.  

However, when looking over entire trips, similar patterns appear where no apparent driver 

distraction could be found. An example is shown in Figure 17, where the red lines correspond to 

the found distraction moments for that working pass. As opposed to the steering wheel angle 

velocity function, no apparent differences at the distractions sequences were found. 

 

Figure 17. Ellipse areas (blue) and identified distractions (red). 
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This fact makes it difficult to find a criterion for creating warnings based on this function, as it 

would yield too many redundant warnings. 

4.4.4 Frequency content 

Micro-corrections are high frequency movements of the steering wheel, and if micro-corrections 

are reduced, the energy content of these frequencies should decrease. To investigate this, the 

steering wheel angle signal was transferred to the frequency domain using a Fast Fourier 

Transform (FFT). The signal was filtered using a Butterworth band pass filter with the cut-off 

frequencies 0.3 and 5 Hz as the theory states that the micro-corrections are present in this 

frequency band. According to theory, the micro-corrections should decrease if the driver is tired 

and the energy content in this frequency band would hence decrease. This was however not the 

case in the SeMiFOT data. The energy content in the micro-correction frequency band was 

added over windows of ten minutes for the assumed tired and alert trips and there was no 

difference, or slightly higher even, energy content on the supposedly tired trips (see Figure 18). 

 

Figure 18. The average energy content of alert vs. tired trips with band pass filter. 

A few very high peaks were present in the result but, with only being six out of approximately 

200, these do not represent the trend of the result and are hence dismissed. 

As this result was unexpected, the lower frequencies were also analysed. The signal was filtered 

through a low pass Butterworth filter with the cut-off frequency 0.3 Hz and the analysis was 

made for the same trips as before. The result is found in Figure 19. 
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Figure 19. The average energy content of alert vs tired trips with low pass filter. 

The result is similar to that with the band-pass filter; the energy content is the same, or slightly 

higher, in the supposedly tired trips. This result was unexpected and its importance could be 

discussed further; if the energy content in general can be used as an indication for drowsiness and 

not just in a particular frequency band. The FFT will therefore not be used in the algorithm 

developed for this project.  

An important note to be made is the fact that even though the analysis was made for the same 

amount of trips, the assumed alert trips are fewer in the result. This is due to the fact that all trips 

from the SeMiFOT project did not contain any data. However, the energy content was added for 

each specific trip and the levels are clearly lower in the present alert trips and this error is hence 

dismissed.  

4.4.5 Reaction time 

The driver’s reaction time can be measured using the steering wheel angle velocity in 

combination with the lateral acceleration. The results of this analysis however were not applicable 

for the algorithm as the signals were too bad in quality. A few different filters were used to make 

the signals more usable and the results more reliable, but the average reaction time calculated was 

between 0.1 and 0.3 seconds, which does not seem reasonable giving previous studies. The fact 

that the angular velocity was used instead of the steering wheel torque could be the cause of the 

varying quality of the results. The reaction time would however be a good indicator of drowsiness 

and the implementation of a torque sensor in the vehicles would be beneficial in future studies. 

4.4.6 Standard deviation 

As stated in the theory, an attentive and alert driver uses micro-corrections to keep the vehicles 

lateral position on the road, regardless for example of road curvature and external impact on the 

vehicle, such as wind. To investigate whether micro-correction decreased during night-time or 

long term driving and moments of distraction, the standard deviation of the steering wheel angle 

was analysed. 
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To be able to look at a continuous signal of the standard deviation and see how it fluctuated 

throughout the trip, it was also calculated over a floating window. In Figure 20, a sequence where 

the driver was writing an SMS is shown. 

 

Figure 20. Sliding standard deviation for a distraction sequence (to the right) with an equally long reference right 

before the distraction (to the left). 

As can be seen in the figure above, there is an increase in standard deviation after the distraction 

is commenced. However, when putting these small fragments in the context of a whole trip, the 

differences were hard to distinguish. 

When comparing the tired and non-tired trips, no attention deterioration in the sense of 

increased standard deviation over time was found. Furthermore, there was no difference between 

night and day driving. The maximum and minimum values of the measure were similar for all 

trips and times of day. 

4.5 Lane position 

Since the data set from SeMiFOT included data from the LDW system, every vehicle’s average 

lane position for the different trips and working passes could be quite easily evaluated. This was 

done by simulating the LDWS signals in an algorithm calculating the vehicle’s distance to the lane 

middle as well as just giving an indication of which side of the middle the vehicles were 

positioned. 

For every working pass, a binary comparison was conducted, giving the percentage of time spent 

on the right side and the left side of the lane middle, respectively. No significant differences were 

found when comparing the supposedly tired and alert working passes; the average amount of 

time spent on the right side of the lane was 76 percent for the tired working passes and 72 

percent for the alert working passes. For the full comparison, see Appendix E 

Time stamps 
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There were not any differences between the beginning of a trip compared to the end of a trip 

either, thus not giving support to any theories of detectable deterioration of driver performance 

over time. 

4.6 Eye tracking device (DSSR) 

The software that the eye tracking signals are based on is still under development hence all signals 

were not available. In addition the quality of the signals was not always good enough to use for 

calculations. The camera filming the driver was calibrated for each driver in a normal position, 

but the video data showed that the drivers do not always sit in the same upright position. This 

caused the eye-tracking signals to be unavailable for long periods of time.  

A drowsiness detection signal that, according to theory, is a good indicator of drowsiness, Percent 

of Eyes Closed or PERCLOS, was incorporated in the software but the quality of the signals 

LeftEyeClose and RightEyeClose was too low for it to be calculated.  

The signal Distraction was of better quality and was used to find sequences of distraction. The 

signal is a logic high at a distraction event and logic low otherwise. It is based on the eye tracker 

signal AttentionOfRoad. When the driver’s attention is off the road for more that 2 seconds, except 

for looking in rear view mirrors, a distraction event is detected and the signal Distraction gives a 

logic high. These distraction events were validated with the video and the vehicle parameter data 

analysed for the sequences. 

The number of distractions per hour was calculated for day time trips starting between 09.00 and 

13.00 and night time trips starting between 01.00 and 04.00 for comparison. It showed that the 

number of distractions per hour was generally higher during day time driving; hence this number 

was not a good indicator for drowsiness as first expected (see Figure 21 a,b). 

 

Figure 21 a,b. Number of distractions per hour for supposedly alert versus tired trips. 
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4.7 Distraction detection 

The measure decided upon to be the only one with potential to be able to detect distraction, 

based on the amount of redundancy and the signal pattern around the distraction sequences, was 

the absolute value of the steering wheel angle velocity. 

To be able to use the function for distraction detection, the algorithm must be able to output a 

warning flag based on some driver independent threshold. Figure 22 shows the output from the 

initial algorithm to find the distraction sequences in trip 714 for driver 40006 (see Appendix D). 

 

Figure 22. Warning flags from algorithm (black), and distraction sequences found in video data (grey). 

The initial algorithm was able to identify four out of eleven distraction sequences for the 

displayed trip, but it also exhibited a lot of redundant warnings. The signal pattern looked quite 

different depending on driver, and the function threshold was initially set manually to fit every 

drivers’ pattern and minimize redundant warnings for the signal in question, and the function 

yielded similar results for all drivers as seen in Figure 22, although the threshold values differed a 

lot. This introduced the problem of finding a suitable way to determine the threshold value in 

run-time. 

A requirement of the algorithm was to have a threshold that adjusted to fit all drivers. This was 

done by looking at a reference of the signal in the beginning of each trip, deriving a number of 

measures from the signal. These measures were compared to the wanted threshold value that was 

manually set, for each trip respectively. Based on the thresholds used in the initial algorithm, a 

fitting function to recreate these thresholds where constructed in MS Excel (Microsoft Excel 

2002). A logarithmic function was decided upon, namely 

 

  

16.5ln( SWAvel
t 0

t tref

) 1.5 . (21) 

Using the sum of the steering wheel angle velocity’s absolute value as the discriminator of the 

drivers’ steering wheel pattern, showed to be the best approach rather than looking at for 

example maximum values or mean values which was also tested. 

The threshold function gave satisfactory results for the examined trips, as well as when running 

the full working passes of which the trips are parts through the algorithm. The corresponding 

working pass for the trip in Figure 14 and 22 are displayed in Figure 23. 
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Figure 23. Warning flags from algorithm over entire working pass in black. 

Comparing the warning flags from Figure 23 with the actual distraction sequences, the algorithm 

is able to detect eight out of thirteen. The threshold determination works satisfactory, although 

some redundant warnings still occur. The algorithm now gives a warning every time the criterions 

are fulfilled, hence the clusters of warnings around the distraction sequences. 

The actual warning flag algorithm is triggered when the signal value exceeds the threshold (Figure 

24, display A). Two counters are then invoked; one counting the time to the next peak exceeding 

the threshold and one counting the number of peaks. If the time between one peak and the 

previous one is more than 30 seconds, the number of peaks counter are reset (Display C). If two 

peaks come within 30 seconds, the time counter starts counting from the last peak (Display B), 

and the number of peaks counter increments (Display C). If two or more peaks are encountered, 

a distraction flag will be output (Display D). This way, peaks close to each other are accounted 

for in the same distraction flag. 

Figure 24. Overview of flags created by the distraction detection algorithm. From above: peaks exceeding threshold, 

time counter, number of peaks, distraction flag. 
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To further reduce the number of redundant warning flags, the algorithm does not kick in until 

the five minute mean value of the vehicle speed combined with the momentary vehicle speed 

exceeds 60 km/h. The mean value is used to get rid of momentary exceedances of the speed 

limit, and after five minutes it is assumed that a steady state is reached. 

If the vehicle slows down causing the mean value of the vehicle speed to be less than 95 percent 

of the momentary vehicle speed, there will not be a warning flag generated. Such behaviour will 

be assumed to be caused by turning the wheel consciously, for example making a turn onto a 

free-way departure lane. However, if the vehicle slow-down is caused by a quick retardation (< -2 

m/s2), a warning flag will still be given. 

The drivers’ reference steering behaviour was recorded during the beginning of the trip, in three 

sequences of five minutes each, using the median of the |SWAvel| sum to calculate the 

threshold value. During the reference recording, no distraction detection is available. 

When simulating the final model using the data set used for creating the threshold function, 15 

out of 26, about 58 percent, confirmed distractions were found. In addition, 27 redundant flags 

were encountered (64 percent). When adding new drivers from a data set not used during the 

development, the number of distractions found was 29 out of 50 confirmed distractions (58 

percent). The number of redundant flags was 50 in this case (63 percent). 

Although the model compensates for curves, it does not eliminate the most extreme amplitudes 

present when in sharp turns. In Figure 25, a sequence of sharp turns with reduced vehicle speed 

in order to make the turn is displayed. 

 

 

Figure 25. Redundant distraction flags during a period of reduced vehicle speed due to turns. 

Looking at the figure above, it can be noted that almost all of the distraction flags come during or 

after a slowdown below 60 km/h. The probable cause for this is that the vehicle is entering a 

sharp curve, but the peak in steering wheel angle velocity comes before the algorithm is disabled 

due to low vehicle speed. The mean value of five minutes reduces some of the redundancy but 
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not all, due to the inevitable lag when calculating it. If it would be possible to eliminate these 

warnings, the redundancy would decrease to only 38 percent. 

4.8 Summary of results 

The resulting model consists of two parts. To assess the driver’s level of sleepiness the 

Sleep/Wake Predictor was used. To be able to detect momentary distractions, the steering wheel 

angle velocity will be used as an indication of distractive behaviour. The model will not be able to 

detect sleepiness or predict distractions. 



  41 

5 Simulink model 

This chapter describes how the different functions and the SWP were modelled in Simulink.  

The Simulink models for the different functions, as well as the SWP, are described below. As the 

full model is extensive, the functions are described using block diagrams and only the final parts 

of the model can be found in the appendices.  

5.1 The Sleep/Wake Predictor 

The Sleep/Wake Predictor was modelled according to Figure 26. The amount of time 

asleep/awake was computed using Stateflow and were used as input signals, together with the 

current time, for calculating the alertness level of the driver. The SWP was modelled in Stateflow 

using functions 1-7 in embedded Matlab functions. 

 

Figure 26. Schematic model of the SWP and Time_to_KSS functions. 

5.2 Curve compensation 

To create the Simulink model for curve compensation, the SteeringWheelAngle was passed through 

a FIR filter and the running mean over four seconds was subtracted from the signal creating the 

new signal SteeringWheelAngle_curvecompensated (see Figure 27). 



  42 

 

SWA 

FIR filter, 4 s 

+ 
 
 
 
- 

Curve compensation 

SWA_curvecomp 

 

Figure 27. Schematic model of the Simulink curve compensation function. 

5.3 Steering wheel angle velocity 

The Simulink model of the steering wheel angle velocity, SWA_vel, is described in Figure 28. The 

running mean, used to reduce noise, was created using a FIR filter over the last three samples. 

The derivative was computed subtracting the previous sample from the signal and dividing it with 

the sample time.  
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Figure 28. The schematic model of the SWA_vel signal. 

5.4 Ellipse criterion 

The ellipse criterion was modelled according to Figure 29. The maximum values were computed 

for each signal over a period of ten seconds using Stateflow. The area of the ellipse was calculated 

using a Simulink function block and the result was compared to the reference value. If the 

threshold was exceeded, a warning was generated. 
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Figure 29. The ellipse criterion model. 

5.5 Frequency content 

The frequency content of the SteeringWheelAngle was calculated using a Simulink function block 

for the Fast Fourier Transform (FFT). The signal was filtered using a Simulink filter block and 

both low pass and band pass filters were used. The FFT was calculated for windows of ten 

minutes. The sum of the energy content represents the output of the model (see Figure 30). 
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Figure 30. Block diagram visualizing the FFT model. 

5.6 Reaction time 

The reaction time of the driver was measured using the model shown in Figure 31. The 

SWA_velocity and LateralAcc were filtered, to reduce the noise, using a Simulink filter block. The 

time between a peak in SWA_velocity and a peak in LateralAcc was computed using DetectDecrease 

and DetectIncrease on the filtered signals. 
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Figure 31. Schematic diagram of the Reaction Time calculation. 

5.7 Lane position 

The schematic model of the amount of time driven on the right hand side of the lane is shown 

below (see Figure 32). DistToLeft and LaneWidth were used to calculate the distance to the middle 

of the lane, and the average over 60 seconds was computed using a Simulink function block. The 

sign, i.e. positive or negative, of the result determined the side of the road the vehicle is in. The 

results were added over each trip and the percentage represents the output of the model. 
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Figure 32. The simplified model of the lane position calculation. 

5.8 Distraction detection 

The Distraction detection model is the final model used for detecting short term changes in driver 

behaviour (see Figure 33). It includes the absolute value of the input signal steering wheel angle 

velocity (SWA_velocity) described above, as well as vehicle speed and longitudinal acceleration.  

The vehicle speed signal is averaged over five minutes and the result, combined with the signal 

itself is used to enable the distraction detection algorithm.  

The Create Limit subsystem creates three reference sequences using Stateflow. The median 

reference is sent to a Simulink function block responsible to create the threshold value. When the 
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reference recording is done the Stateflow chart sends an enable signal to the actual detection 

system which outputs distraction flags. The complete Simulink model of the Distraction detection 

calculation can be found in Appendix G. 
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Figure 33. Overview of the distraction detection system. 

5.9 Final model 

The final model will not be presented due to confidentiality reasons. It contains the full interface 

to the vehicle, i.e. the CAN interface. The input signals come from CAN messages and the 

Simulink to CAN interface is made with a dedicated CAN receive block from the Rapid Prototyping 

System Simulink library. 

The output from the model is packed into custom CAN messages with CAN send Simulink 

blocks and sent out to the CAN bus.  

Together with the CAN receive and send blocks the root system enabling port is connected to 

the CAN messages’ status signal, thus only enabling the system when all necessary CAN 

messages are available. 

5.9.1 CAN messages 

The CAN messages that in some way are manipulated or set by the model itself are presented 

here. A custom message was written for outputting the results from the model to the Controller 

Area Network and is presented in Table 2.  
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Table 2. Configuration of the IDPD_output_OPC4 message. 

 

5.10 Testing 

In order to test the different parts of the 

model, both simulation in Simulink and  

5.10 Final model 

Simulink, CANAlyzer and in-vehicle testing was carried out. The simulation in CANAlyzer and 

the in-vehicle testing mainly focused on the assurance of the model to CAN compatibility and 

the integration of the interface of the model and the RPS in the vehicles internal network, i.e. 

making sure that the CAN messages are sent and received correctly. These testing methods were 

also used for troubleshooting the models. 

5.10.1 Simulation in Simulink 

The simulation in Simulink was made using both the SeMiFOT data and log files from in-vehicle 

logging. The SeMiFOT .mat-files, created for the analysis described in previous sections, were 

converted to signals by hand and used for simulating both the SWP and the distraction detection 

models. 

The in-vehicle log files were converted to .mat-files compatible with the RPS blocks for the CAN 

bus. These signals were then used for simulating both the SWP and the distraction detection 

algorithms. 

5.10.2 Simulation in CANAlyzer 

The simulation in CANAlyzer was performed on desk using the OPC4 connected via a CAN 

card to the computer. This type of simulation enables real time analysis of the CAN signals and 

the outputs of the model. This proved to be the most valuable testing method for the CAN 

signals, and outputs of the model, as it was easy to perform as opposed to in-vehicle testing. 

Since the simulation was performed on desk, quick changes to the models could be made in 

Simulink and the OPC4 could be flashed and ready to be tested within a couple of minutes. 

The simulation in CANAlyzer produced log files that were in turn converted to .mat files that 

could be simulated in Simulink as described above. The log files could also be used during the 

simulation to represent real CAN signals.  

To test the system, arbitrary log files from Scania containing the necessary signals were used in 

the simulation as input for the model. 
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5.10.3 In-vehicle testing 

The in-vehicle testing was performed in a similar fashion as the simulation in CANAlyzer. The 

OPC4 was connected to CANAlyzer but instead of using existing log files it was connected to 

the internal CAN-bus of the vehicle. The signals could be viewed in real time during driving and 

the log files created could be converted and simulated in Simulink for verification. 

5.10.4 Troubleshooting 

One of the big parts of the testing process was trouble shooting. One issue that caused a lot of 

problems was the initial values of Stateflow charts in the Simulink models that did not seem to be 

held on the CAN bus. The testing on desk simplified the troubleshooting process and gave 

valuable lessons. 
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6 Discussion 

In this chapter the results and difficulties during the project are discussed. Traffic research, the SeMiFOT data and 

the different parts of the final model are reflected upon. 

When comparing European and U.S. statistics and research results, one must keep in mind that 

the drive time regulations differ a bit. European legislation allows for a maximum of 4.5 hours of 

coherent driving while the U.S. equivalent allows up to eleven hours. This fact would perhaps 

explain some differences in research results regarding drowsiness. Drivers that possibly could 

have driven for eleven consecutive hours could be more tired than drivers driving for only 4.5 

hours before a break.  

This implication could also be applied to driving simulator tests where heavily sleep depraved 

drivers are asked to participate. These tests constitute driving situations without any comparable 

equivalent in the data used for this thesis. It is known with certainty that the regulations have 

been followed and therefore it can be suggested that signs of drowsiness would at least be weaker 

in present cases. 

A difficulty with the drowsiness part of the problem has been that no explanatory variable tied to 

the drowsiness level of the driver has been available. The approach of the time-of-day and long 

hours driving factors has been the only way to try to distinguish between tired and non-tired 

drivers, and the resulting discriminants have been binary. This makes it hard to find signal 

patterns of driver performance deterioration when no observable change in an explanatory 

variable has been at hand. Regarding distraction however, the video data has served as a perfect 

substitute for an explanatory variable. 

6.1 SeMiFOT 

The fact that the SeMiFOT data comes from naturalistic driving should increase the validity of 

this study. Research made in simulators has to take into account that the drivers are aware that 

they are being observed, and are often subject to questionnaires and interaction with the 

researchers, which may lead to un-naturalistic behaviour. The fact that the SeMiFOT equipment 

was installed in the vehicles for such a long time would imply that the drivers forgot that they 

were being observed, hence the data set analysed is as close to naturalistic behaviour as it gets in 

research projects.  

There are several pros and cons with the data set provided in this project. Considering the vast 

amount of data, the conditions for increasing the validity of the results were good. The fact that 

the processing of the data was so complicated made it difficult to handle all the data, and the 

analysis was not made for the whole set. This was due to several factors; one was the absence of 

the database, for which the data was intended, at Scania and no good statistical tool was available 

as a replacement. Another reason was the fact that the logging process created a lot of log files, 

all with different quality and size. Some files were completely empty and some were represented 

in more than one place. The files were all converted using Matlab which is both time consuming 

and it is difficult to handle vast amounts of data in the program. It would be beneficial for future 

studies to go through the material with a better statistical approach and to install the database at 

Scania. 
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The quality of the signals, especially from dsDSSR, was very poor at times. Had the quality of, for 

example, PERCLOS been better, distraction sequences would have been easier to find and time 

would have been saved. Another problem was the fact that the signals present in the SeMiFOT 

data set were not adapted to this project per se, and other signals would be desirable both for 

analysis and validation. 

The difficulties in processing the data resulted in a lot of time spent on the task, leading to less 

time spent on algorithm development. If the tools for handling the data had been better, more 

time could have been spent analysing the data and finding significant patterns. Also a larger data 

set could have been handled, creating a more valid algorithm. 

The video sequences, coming from different cameras, were not synchronized when converting 

them to a viewable format, making it harder and more time consuming to transfer the video time 

stamps of interesting sequences to the time stamps of the signals. Furthermore, it was discovered 

that the video frame rate when converting from ADR2 to AVI format was wrong (12 fps), and 

some of the video handling had to be done over again with the right frame rate (10 fps). 

Despite the difficulties in handling the data, mostly related to the fact that the data was handled 

outside the database, the naturalistic approach is preferable. 

6.1.1 Supposedly tired and alert trips 

The trips that were used as the basis for the analysis of tired versus alert behaviour were chosen 

merely on time of day. It is however not certain that the drivers were in fact tired during the night 

driving and alert during the day driving. This has of course affected the results and the validity of 

the conclusions made on these assumptions must be questioned. The results based on these trips 

were for example the frequency analysis, the question on whether the numbers of distractions 

increase with drowsiness and the side of road criterion. However, the same approach has been 

used at the beginning of each function analysis, and no deterioration of driver behaviour over 

time on task and time of day has been found.  

Even though it is impossible to know if the drivers are tired or not, this approach does seem 

reasonable. The consistency of how the method has been used also speaks in its favour.  

6.2 Sleep/Wake Predictor 

One consequence of the SWP modelling was that the OPC4 only could handle the data type 

single. The default Matlab and Simulink data type is double and this could potentially cause 

problems. The OPC4 would convert the signals from double to single but this would cause a loss 

in information, as the signals’ values would be truncated at times. Another consequence was the 

fact that a lot of built-in Matlab functions required double as input, for example etime. This is a 

function that calculates the amount of time, in seconds, passed between two discrete date and 

time vectors. Since only data type single was supported, a new etime function was developed. 

The fact that a driver gets more tired or fatigued when performing monotonous work was 

discussed widely and the idea to have a variable offset to compensate for this was introduced. 

The idea was to make the SWP curve decrease more rapidly as the working pass proceeded. This 

due to the fact that driving is considered a monotonous task hence could make the driver more 
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tired than just being awake, which is the only thing the SWP takes into account. This will, 

however, have to be left for future studies. 

6.3 Distraction detection 

The fact that the distraction detection model is able to detect real distraction sequences, and that 

it is assured that these sequences are not random, makes it a good basis for future development 

of the model, despite its redundancy. 

The additional warnings from the distraction detection algorithm have been reviewed in the 

video data. Some of them were confirmed and validated as actual distractions, while others 

remain unexplained based on the available video sequences. Therefore they have to be discarded 

as redundant warnings. Of course, this does not mean that there cannot have been any inattentive 

behaviour during these sequences, but most probably the warnings arose due to steering wheel 

movements caused by some outer factor, for example a lane change and take over or a curve that 

was not captured by the curve compensation.  

The work of identifying the causes for the redundant warnings and eliminating them completely 

remains to be done. To reduce the redundancy further, the CAN signal RoadCurvature could 

perhaps be used. This parameter was not available in the SeMiFOT data set and has therefore not 

been included in the model. This signal is however available on the CAN bus and could be used 

to dismiss flags created during sharp turns or curves. 

Since the entire data set was not used for adjusting the distraction detection threshold, the 

findings of distractive behaviour from trips not used shows that the model is not over fitted and 

gives robustness to the result. However, more redundancy was introduced when incorporating 

the trips not used to fit the threshold. This implies that the amount of data for establishing the 

equation for creating the limit needs to be expanded. 

The LDWS was not included in the distraction detection model as it is a warning in itself. It 

could, however, easily be added in future development of the model as a compliment, or 

discriminator, to the flags created. The signal has been used when identifying distraction 

sequences, but the signal was found to be of poor quality. One reason for this, according to a 

SeMiFOT participant, is that the LDWS is often switched off outside of Sweden, due to the 

extensive amount of road work. 

The Time to Lane Crossing signal that is part of the lane departure warning system can be 

calculated in three different ways and with three different approximation levels. Which one used 

by the LDWS was not known during this project and since the signal was not included in the 

SeMiFOT data, no time was spent on trying to recalculate it from the other LDWS signals. 

However, the signal could be used in the warning algorithm to attenuate the output when closing 

in on the lane boundaries. For example it could yield a separate warning added to the total output 

when the TLC value approaches zero, similar to a virtual lane boundary. For future work this 

would be a quite straight forward implementation since the signal is ready to use and the result 

easy to understand. 

If the running standard deviation was to be used in the OPC4, the size of the vectors containing 

the signal history must be considered. The fact that every vector operation in Simulink is 
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executed in a for-loop when compiled means that the use of this function would be time 

consuming. 

The possibility to store values should be examined to avoid that a new limit value for the 

distraction detection will be created at the beginning of every new trip; it would be desirable to 

have the same limit for a whole working pass. Should a permanent memory be incorporated, this 

problem would be solved. 
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7 Conclusion 

The naturalistic approach, which is the basis for the SeMiFOT project, has given good insights 

on actual driving scenarios regarding drowsiness and distraction.  

The model is able to estimate the KSS level, giving an indication of the driver’s ability to safely 

conduct a vehicle. It can also detect changes in driving behaviour due to distractions. 

The inability to detect drowsiness with the various signals may be due to the fact that the drivers 

are not in fact tired. This is also confirmed when speaking to participants of the project. Perhaps 

the laws regarding drive and resting times works as intended and the drivers do not get tired to 

the point where it is dangerous. 

The fact that distractive behaviour, which is also a contributor to impaired driver performance, 

can be detected is positive. This, in combination with assessment of sleepiness level, constitutes a 

good base for reducing the risks of accidents caused by inattention. For example, the feedback 

approach, enables the model to be implemented in the existing and already appreciated Scania 

Driver Training system. 

7.1 Future work 

The next step in the development of the IDPD model is to test the whole algorithm during real 

driving conditions. To optimize the algorithm the driver could give feedback during driving on 

whether the flags are true or false. This could help in reducing the redundancy of the model. 

The problem of storing variables is also an acute issue that needs to be addressed in order for the 

model to work as intended. 

The offset of the SWP needs to be developed further. Just one hour for awakening and falling 

asleep is a too static solution for the offset to be universal.  

To try and work on the detection of sleepiness, the drivers’ reaction time could be measured with 

the help of a torque sensor on the steering wheel. Another suggestion is to let the same drivers 

that are represented in the SeMiFOT data to drive in simulators when they are in fact tired. This 

would provide a reference for comparison with the SeMiFOT data. 
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Appendix A. The SeMiFOT database structure 
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Appendix B. Individual working passes 
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Appendix C. Trip-IDs for alert and tired trips 

 

Trip-IDs from supposedly alert trips

349 455 502 446 608 703 2259 2118 2168 2390 2320

350 516 503 477 615 2205 2260 2137 2176 2401 2348

364 517 504 494 616 2206 2261 2138 2177 2413 2349

365 518 530 495 617 2207 2273 2139 2178 2414 2379

375 524 531 496 618 2208 2274 2140 2179 2456

376 525 532 497 704 2209 2275 2141 2180 2478

377 546 537 498 735 2210 2276 2142 2181 2488

378 448 538 499 757 2211 2277 2143 2182 2489

387 449 539 500 607 2212 2278 2144 2195 2312

388 450 540 501 436 2213 2279 2145 2196 2346

389 451 698 644 437 2229 2280 2146 2197 2353

390 452 699 659 468 2230 2281 2147 2198 2354

391 508 700 662 469 2242 2282 2148 2199 2355

395 509 722 705 470 2243 2283 2149 2200 2383

410 510 723 718 471 2244 2284 2150 2298 2425

411 511 697 719 536 2245 2285 2165 2330 2455

422 663 427 720 553 2246 2135 2183 2331 2477

445 402 428 737 554 2256 2136 2189 2332 2297

453 403 429 738 556 2257 2116 2166 2333 2314

454 409 438 764 669 2258 2117 2167 2334 2319  

 

Trip-IDs from supposedly tired trips

351 702 2216 2391 6542 6957 6922 7053 10751 10668 10826

366 712 2218 2392 6506 6967 6940 10397 10818 10693 10827

367 713 2219 2393 6613 6968 6958 10447 10819 10717 10828

368 404 2220 2394 6618 6919 7054 10462 10820 10830 10851

369 430 2221 2395 6443 7032 7118 10463 10829 10908

396 482 2234 2504 6444 6664 6692 10474 10837 10448

397 533 2235 2505 6446 6665 6908 10475 10381 10449

405 447 2236 2506 6498 6666 6939 10492 10642 10476

413 631 2237 2507 6543 6694 7033 10493 10555 10595

424 688 2249 2356 6591 6695 7088 10516 10580 10605

459 765 2250 2350 6619 6696 7089 10536 10581 10643

460 730 2251 2382 6620 6786 7090 10537 10539 10650

479 731 2217 2408 6697 6787 6676 10538 10560 10651

526 623 2112 2431 6762 6863 6677 10554 10596 10652

527 728 2113 2503 6803 6923 6777 10627 10667 10718

534 414 2119 2502 6832 6931 6778 10628 10383 10719

548 415 2120 2324 6843 6959 6804 10629 10384 10720

442 472 2121 2369 6870 6693 6805 10710 10385 10726

634 480 2156 2370 6907 6761 6806 10740 10386 10788

648 481 2192 6507 6920 6921 6807 10750 10396 10789  
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Appendix D. Matlab scripts 

%-----------------------------ADR2_to_file--------------------------------- 
%Söker igenom Excel-ark med trips och filnamn. Sparar ADR2-filer 
%som .mat-filer i working directory. Kräver access till ADR2_to_struct. 
%Identifierar och sparar tomma trip_id. 
%-------------------------------------------------------------------------- 
  
clc 
%clear 
%[data,textdata]=xlsread('E:\SeMiFot\Grejer\Search_paths.xls');  
file_missing=[]; 
empty_dir=[]; 
error_in_trip=[]; 
     
for i=index 
         
        bil=data(i,2); 
        trip_id=data(i,1); 
        file_dir=textdata{i,4}; 
        file_name=textdata{i,3}; 
  
        for j=1:9 
             
            right_dir=isdir(['E:\SeMiFOT\' num2str(bil) '\DATA0'... 
                num2str(j) '\Recordings\' file_dir]); 
            %Kontrollerar om katalogen innehåller någon fil 
            if right_dir == 1 && exist(['E:\SeMiFOT\' num2str(bil)... 
                    '\DATA0' num2str(j) '\Recordings\' file_dir '\'... 
                    file_name],'file') == 0 
                right_dir = 0; 
                empty_dir(length(empty_dir)+1) = trip_id; 
            end 
             
            %Kontrollerar i vilken av DATA01...09 som trip_id finns i 
            if right_dir == 1  
              break 
            end 
        end 
         
        if right_dir == 0 
            continue 
        end 
         
        try    
        %Fullständig sökväg till filen 
        search_path=(['E:\SeMiFOT\' num2str(bil) '\DATA0' num2str(j)... 
            '\Recordings\' file_dir '\' file_name]);  
        %Kallar ADR2_to_struct, returnerar valda parametrar som struct.  
        %Status = 1 = OK 
        [CANdata,status]=ADR2_to_struct(search_path);  
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        catch 
            error_in_trip=trip_id; 
            continue 
        end 
         
       
        if status==0 
            disp('Filen finns inte!'); 
            %Sparar trips som inte går att öppna med ADRReadBinMex 
            file_missing(length(file_missing)+1) = trip_id;  
            continue 
        end 
         
        %Skapar namn på struct 
        file=genvarname(['Trip_id_' num2str(trip_id)]);  
        eval([file '=CANdata']); %Lägger parameterdata i struct 
         
        %Lägger variablerna i structen coh skalar om med rätt faktorer och 
        %offset 
        date_vec=CANdata{1,1}.date_vec; 
        VehicleSpeed=CANdata{1,2}.VehicleSpeed*0.00390625; 
        LatAcc=CANdata{1,3}.LatAcc*0.00048828-15.687; 
        LongAcc=CANdata{1,4}.LongAcc*0.1-12.5; 
        SteeringWheelAngle=CANdata{1,5}.SteeringWheelAngle*0.00097656... 
            -31.374; 
        YawRate=CANdata{1,6}.YawRate*0.00012207-3.92; 
        DistToLeft=CANdata{1,7}.DistToLeft-32767; 
        DistToRight=CANdata{1,8}.DistToRight-32767; 
        LaneWidth=CANdata{1,9}.LaneWidth; 
        LdwWarnLeft=CANdata{1,10}.LdwWarnLeft; 
        LdwWarnRight=CANdata{1,11}.LdwWarnRight; 
        InCarTemp=CANdata{1,12}.InCarTemp; 
        CruiseActive=CANdata{1,13}.CruiseActive; 
         
        FILNAMN = [file '_' file_dir(1,2:14)]; %Genererar filnamn 
        save(FILNAMN,'date_vec','VehicleSpeed','LatAcc','LongAcc',... 
            'SteeringWheelAngle','YawRate','DistToLeft','DistToRight',... 
            'LaneWidth','LdwWarnLeft','LdwWarnRight','InCarTemp',... 
            'CruiseActive'); %Sparar fil som .mat i Working directory 
        clc 
        clearvars -except data textdata file_missing empty_dir... 
            error_in_trip 
        save('Saknad_data','file_missing','empty_dir','error_in_trip'); 
end 
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Appendix E. List of  distraction sequences 

Trip-ID Start Stop Type Found by algorithm

714 0:26:20 0:29:43 Phone YES

0:38:35 0:38:49 Drinking NO

0:39:03 0:39:14 Drinking NO

0:45:05 0:46:02 Glove compartment reach YES

1:44:11 1:45:20 Tap/look on screen YES

2:16:40 2:17:08 Looking on screen YES

2:32:30 2:33:15 Looking on screen NO

2:39:30 2:40:00 Phone YES

2:41:52 2:42:35 Glove compartment reach YES

2:56:46 2:57:15 Yawning, eye closure YES

2:57:30 2:59:48 Sings, eye closure YES

2:59:42 3:00:30 Phone/Glove compartment YES

3:02:09 3:02:35 Tachograph/Screen NO

6888 0:55:09 0:55:40 Reading paper NO

1:49:45 1:49:53 Yawning NO

351 0:09:49 0:10:23 Coffee NO

0:22:06 0:22:35 Coffee (yields LDW) NO

0:30:20 0:30:53 Tap/look on screen YES

0:47:04 1:03:30 Elbow steering For info only

1:19:32 1:20:16 Tachograph/screen NO

728 2:01:12 2:02:25 Elbow steering For info only

2:15:23 2:15:44 Candy eating YES

702 0:19:24 0:21:43 Writing SMS YES

0:24:50 0:25:42 Writing SMS YES

0:33:39 0:33:54 Adjusting radio NO

0:56:14 0:58:11 Tap on screen YES

1:21:15 1:22:25 Phone talking YES

1:23:18 1:23:33 Writing SMS YES

533 1:30:40 Phone YES

2:09:45 Streching YES

2:16:30 Streching YES

3:12:35 Drinking YES

366 0:15:33 0:17:18 Reaches for and changing CD NO

0:52:38 0:57:19 Elbow driving For info only

1:21:55 1:22:30 Reaching for coffee NO

1:36:38 1:38:30 Changing CD NO

1:55:27 1:58:23 Elbow driving For info only

1:58:43 1:59:00 Looking at screen YES

2:47:47 2:48:51 Changing CD NO

2:49:39 2:53:05 Phone/SMS YES

3:11:52 3:11:57 Reaching for top shelf YES

3:15:55 3:21:15 Elbow driving For info only

3:17:15 3:17:25 Looking at screen YES

3:21:01 3:21:14 Reaching for top shelf YES

3:26:08 3:29:40 Elbow driving For info only

541 0:47:31 0:48:26 Eating NO

0:55:18 0:56:29 Phone NO

536 0:50:35 0:51:03 Opening and looking out window YES  
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Appendix F. Side of  road comparison 

Driver-ID Working pass-ID Tired (T)/Alert (A) Amout of time on right (%)

40003 2 A 71

5 A 93

7 A 82

7 T 76

11 T 52

12 T 71

13 T 67

40004 2 A 79

5 A 52

7 T 70

8 T 70

40005 1 T 100

3 A N/A

40006 1 A 36

3 A 73

4 T 60

5 T 93

10 A 66

11 A 5

14 T 64

40009 3 part 1 T 63

3 part 2 T 92

5 T 90

6 A 93

7 A 96

9 A N/A

14 T N/A

40010 3 T 96

4 T 84

5 T 82

6 T 91

7 T 42

7 A 82

8 T 72

13 A N/A

40011 2 A 80

8 T N/A

12 A N/A

14 T N/A

16 A N/A

21 T N/A

24 A N/A

30 T N/A

40013 2 A N/A

3 A N/A

5 T N/A

6 T N/A

7 T N/A

9 T 79

11 A 97

Average A: 72%

Average T: 76%  
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Appendix G. Full distraction detection model 
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