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Abstract 

Advanced Driver Assistance Systems (ADAS) show great potential for increasing both 

comfort and safety in driving. However, this gain is only appreciated when the passengers 

have a positive perception of the system's behavior e.g., if the drive is perceived as 

comfortable. Therefore, different calibrations of ADAS must be assessed during the 

development process to achieve a user-centered product. However, general practice is that 

new calibrations of ADAS are assessed subjectively by experts in driving tests. As a 

consequence, these assessments can differ from expert to expert, change during the test drive, 

and depend on the constitution of a particular expert. In brief, this is a highly subjective 

process. 

The contribution of this thesis is a new methodology for the objective assessment of ADAS 

based on Multivariate Dynamic Time Warping (MDTW). It aims to compare the subjective 

perception of different ADAS calibrations with objectively measurable variables. This 

methodology comprises two major process steps, namely clustering and classification. 

MDTW-based clustering is focused on determining the most influential variables in comfort 

perception for ADAS. MDTW-based classification is focused on predicting the driving 

comfort of ADAS, where methods like the k-nearest neighbor classifier and a classifier based 

on the kernel density estimation are used. This methodology is validated with the 

experimental results of a validation study with the three use cases of the lane-keeping 

assistant, the lane-change assistant and the adaptive cruise control. Based on the data of this 

study, the proposed classifiers are compared to the state-of-the-art-methods in objective 

assessment of ADAS. 

 

Zusammenfassung 

Moderne Fahrerassistenzsysteme bieten ein hohes Potential in der Erhöhung von Komfort 

und Sicherheit für den Fahrer. Damit die Systeme regelmäßig genutzt werden, müssen sie 

vom Fahrer positiv (z.B. komfortabel) wahrgenommen werden. Um dieses Verhalten zu 

erzielen, müssen verschiedene Applikationen der Assistenzsysteme im Entwicklungsprozess 

bewertet werden. Dadurch können Verbesserungspotentiale der Applikation ermittelt und 

somit ein kundenzentriertes Produkt entwickelt werden. Industriepraxis ist, dass diese 

Bewertung durch Experten im Fahrversuch durchgeführt wird. Dieser Bewertungsprozess 

weist jedoch drei zentrale Nachteile auf. Erstens können die Bewertungen verschiedener 

Experten voneinander abweichen, zweitens unterliegt die Fahrzeugbewertung einer zeitlichen 

Abhängigkeit und drittens ist die Bewertung auch von der mentalen Verfassung des Experten 

abhängig. Es handelt sich somit um einen subjektiven Prozess. 

Der wissenschaftliche Beitrag dieser Doktorarbeit ist eine Methodik zur Objektivierung von 

Fahrerassistenzsystemen, mit Methoden der Zeitserienanalyse wie-Multivariate Dynamic 

Time Warping (MDTW). Ziel ist der Vergleich der Kundenwahrnehmung von verschiedenen 

Applikationen von Fahrerassistenzsystemen basierend auf objektiv messbaren Variablen. 

Diese Methodik beinhaltet die beiden Prozessschritte Clustering und Classification. lm ersten 

Schritt wird ein Clustering mit MDTW verwendet um die objektiv messbaren Variablen mit 

dem größten Einfluss auf die Subjektivbewertung zu bestimmen. lm zweiten Schritt wird eine 

Classification mit MDTW durchgeführt, um die Subjektivbewertungen des Fahrverhaltens 

eines Fahrerassistenzsystems zu prädizieren. Hierbei werden Methoden wie der k-Nearest 

Neighbors Classifier und ein Kerndichteschätzer verwendet. Diese Methodik wird mit dem 

Datensatz einer Probandenstudie validiert, in der Lenk- und Spurführungsassistent, 

Spurwechselassistent und Adaptive Cruise Control von den Teilnehmern bewertet wurden. 

Basierend auf diesem Datensatz werden die vorgeschlagenen Classifier mit den Methoden des 

Stands der Technik in der Objektivierung Fahrerassistenz verglichen.
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1 Objective Assessment of Automated Driving Functions 

Advanced driver assistance systems (ADAS) with regard to highly automated driving (HAD) 

provide a multitude of benefits for the driver. However, HAD also creates considerable 

challenges in the development of such cars, which must be overcome by the automotive 

industry. This chapter describes the potential benefits of automated driving functions and 

outlines the fundamental changes in this industry. With an increasing focus on the comfort of 

driving functions, the need for assessing these functions has also increased. However, a 

comfort assessment solely based on expert opinion creates several disadvantages. Therefore, 

the aim of this thesis is to provide a methodology for objective assessment of ADAS to 

improve the effectiveness of development and eventually shorten the development time. The 

structure of this thesis is presented at the end of this chapter. 

1.1 Potential of Automated Driving Functions 

Automated driving functions like adaptive cruise control (ACC) are state-of-the-art 

technologies in modern premium cars and provide several benefits for the driver. Especially 

in situations like traffic jams that are not associated with driving pleasure, an increase in 

comfort can be achieved by assistance systems [Maurer, 2015]. In this use-case, ACC takes 

over the longitudinal control and the lane-keeping assistant (LKA) takes over the lateral 

control at low velocities. Thus, the driver only needs to observe the systems and can relax in 

situations that are perceived as unpleasant by the majority of drivers [Winner et al., 2015]. In 

addition, the avoidance of accidents is a major benefit of automated driving functions. One 

example is the emergency-brake assistant (EBA) that detects the braking of the vehicle in 

front of the driver and executes an emergency brake to avoid an accident. 

Delivering these benefits, ADAS such as ACC have been available since almost two decades 

and have been further developed since then. The most prominent division of automation levels 

from 0 to 5 has been provided previously [Society of Automotive Engineers, 2018] and 

displayed in Table 1.1.  

 
Table 1.1: Definition of the levels of automation, compare [Society of Automotive Engineers, 2018]. 

Level 0 Level 1 Level 2 Level 3 Level 4 Level 5 

Features 

that 

provide 

warning 

and 

momentary 

assistance. 

Features 

that provide 

steering or 

brake/ 

acceleration 

support. 

Features 

that provide 

steering and 

brake/ 

acceleration 

support 

Features that 

can drive the 

vehicle under 

limited 

conditions 

(take over 

necessary). 

Features that 

can help drive 

the vehicle 

under limited 

conditions (no 

take over 

necessary). 

Feature 

that can 

drive the 

vehicle 

under all 

conditions. 
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This division ranges from features that only provide warning, up to features that can drive the 

vehicle under all conditions. While the main focus of development was on ADAS from level 

0 to level 2, to date car manufacturers are focusing on the transition from level 2 to level 3 in 

series production. Level 3 systems are commonly described as HAD and contain systems like 

highway assistants. These assistance systems allow hands-off usage of the function without 

permanent surveillance by the driver [Winner et al., 2015]. With this transition, the benefits 

are increasing, thus making improved traffic flow and consequently lower fuel consumption 

possible [Maurer, 2015]. In addition, the driver could be allowed to perform non-driving 

related tasks like reading [Winner et al., 2015]. 

Current studies estimate that in 2030 more than 9 million level 3 vehicles will be on the streets 

worldwide [Kieckebusch et al., 2016]. This development would mark a major change for the 

automotive industry. The move from level 2 to 3 will induce fundamental changes for the 

driver, the vehicle and the business model itself [Kieckebusch et al., 2016]. The ability of 

performing non-driving related tasks provides several benefits for the driver [Maurer, 2015]. 

If working tasks can be performed in the vehicle, a longer commuting distance could be 

feasible for employees. Higher automation levels can also have an impact on car sharing and 

carpooling business models [Maurer, 2015]. 

Certainly, this change also affects the development of cars and especially the development of 

automated driving functions. [Rauch et al., 2009] state that higher automation levels lead to a 

subjectively perceived decrease in workload and cause the driver to focus more on other in-

vehicle activities apart from the driving task. This change of perception has also been reported 

by [Merat et al., 2012], who state that subjects focused only on secondary tasks without 

noticing the environment during a driving test with highly automated driving functions. 

[Elbanhawi et al., 2015] state that the introduction of autonomous vehicles could shift the 

focus of comfort to vehicle control, motion sickness and safe distance keeping. As a result, 

the development of a car is not only focused on high pleasure manual driving, but also on the 

automated driving experience. [Festner et al., 2017] state that the driving style of the 

automated driving function significantly influences the acceptance and perceived value of 

these functions. 

In this study, higher levels of automation are considered as evolutionary steps of ADAS. 

Although there are huge differences between the automation levels, this study is not 

specifically focused on a certain level and the methodology is applicable to all levels of 

automation.  

1.2 Need for Assessing Subjective Perceptions 

The development process of ADAS begins with a general formulation of the purpose of the 

system, based on which the system functions and requirements can be derived. This is 

followed by system specification and the development of components. The fulfillment of the 

requirements and the system purpose are tested via system validation tests. This procedure is 

also known as the V-model and is displayed in Figure 1.1 [Winner et al., 2015]. One of the 

requirements that must be tested in the development process is the comfort of ADAS. As 

stated in Section 1.1, ADAS increasingly appear in modern premium cars and provide great 
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potential for increasing both comfort and safety. However, these gains are only appreciated 

by the customer when the driving behavior of the system is perceived as positive, i.e., when 

the customer experience is comfortable [Schöggl et al., 2014]. If the experience is perceived 

as unpleasant, the driver will simply shut off the system and not use it again. Therefore, it is 

important for the success of ADAS that the perceived level of comfort is high and its use is 

pleasant. As a result, the comfort of the ADAS must be assessed frequently in the development 

process.  

 
Figure 1.1: System test in the V-Model according to [Winner et al., 2015]. 

General practice is that new calibrations of ADAS are assessed subjectively by experts in a 

test drive [Wegscheider, 2009]. In this test, the new calibration of an ADAS is driven by 

multiple experts, where it is important that a relevant use-case is tested. This can be in real 

traffic or on a test track [Winner et al., 2015]. In this test, the car is driven under frequent 

customer situations, and the performance of the system in terms of comfort is assessed. The 

experts evaluate positive and negative events that occur during this test drive. These events 

can be objective, like the amount of take-over requests during the test drive, or subjective, 

like the quality of the driving trajectory. Next, the comfort of the calibration is discussed by 

the experts and potential for improvement is defined. 

The special need for an assessment of subjective perceptions arises with regard to highly 

automated driving. In this case, the driving function must also be evaluated in a simulation 

for testing and validation. When millions of kilometers are driven in simulation, the primary 

focus is avoiding collisions when different driving functions are tested. Furthermore, which 

calibration is the most comfortable also needs to be assessed.  

1.3 Problems Associated with Assessing Subjective Perceptions 

Exclusively Based on Expert Opinion  

As described in Section 1.2, the general practice involves experts evaluating the comfort of 

automated driving functions in the development process. However, the human perception of 

vehicular behavior is highly complex. Some vehicle dynamics like the yaw rate are perceived 

redundantly by the visual sense and the vestibular organs. Furthermore, the progress of time 
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is not always perceived equally and in the processing of sensations, the stimuli are considered 

relatively to each other. [Decker, 2009]  

According to [Decker, 2009], these effects, among others, lead to three major sources of 

variance in the human perception: 

• First, the perception and consequently the assessment varies from expert to expert. 

Every person has a slightly different opinion on driving comfort and what driving 

behaviors are perceived as disturbing. Some experts connect low dynamics with high 

comfort. Others wish for adequate acceleration during a lane change so they are not 

perceived as a traffic obstacle [Wegscheider, 2009]. 

• Second, the perception is dependent on the physical and mental condition. A tired 

expert might assess a certain driving behavior differently from a calm expert. In 

addition, the concentration ability can have an impact on this assessment, as well as 

the degree of distraction.  

• Third, the assessment of an expert can also vary with the duration of the experiment. 

Therefore, a driving behavior at the end of the experiment is not necessarily assessed 

like the same behavior in the beginning. This means that even an expert in ADAS can 

assess the same calibration differently on different days and for different periods of 

testing.  

The fact that there will always be some disagreement between different experts is based on 

the three challenges that the perception varies from person to person, depends on the physical 

and mental condition and varies with the duration of the experiment. This can hardly be solved 

in an objective way and leads to the following question: Who is right in an argument that is 

based on opinion? As a consequence, it is highly desirable to increase the objectivity in this 

debate and to support engineers to develop a high value assistance function. 

A further problem with the comfort assessment solely based on expert opinion was outlined 

in Section 1.2. With the transition to HAD, the importance of simulation increases 

significantly, because the tremendous amount of distance that is necessary for the validation 

cannot be driven exclusively in a real-world drive. Furthermore, it is not possible for experts 

to assess the comfort in simulations only [Wegscheider, 2009]. To develop a calibration that 

is both safe and comfortable, a comfort assessment based on mathematical models is required 

for simulation. 

1.4 Vision of an Automated and Objective Assessment of the 

Subjective Perceptions of Automated Driving Functions 

Section 1.3 described the problems that occur in a comfort assessment that is only based on 

expert opinion. Thus, research needs to focus on overcoming these limitations by objective 

assessment. Objective assessment attempts to identify and model relations between 

objectively measurable variables and subjective perceptions [Decker, 2009]. This is nontrivial 

due to the complexity of the human perception process, the variety of driving scenarios, and 

the complexity of the influences on the driver. In the first step, the variables with the highest 

impact on the subjective perception are determined. Based on these variables, outcomes such 
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as the perceived comfort can be predicted in the second step. This prediction can be used to 

assess the calibration of an ADAS. A reference track can be driven, and the comfort of 

different driving situations can be predicted. Afterwards, a statistical evaluation of high 

comfort and low comfort events can be used to evaluate the total comfort of the ADAS in an 

objective way. This statistical evaluation can be used to compare different calibrations of 

ADAS and to measure the improvement of comfort in the development process. 

Scientific Contribution of this Work 

To achieve this vision, two tasks are necessary. The first is to determine the variables that 

have the highest impact on subjective perception. Because many effects can influence 

complex driving maneuvers like lane changing, such tasks are rather challenging. Some 

variables might have an impact, but only in a few situations. The distance to the side vehicle 

might be of low impact in many scenarios of a lane keeping assistant (LKA). However, in 

some critical situations, like a truck almost crossing the road marking, it might be of high 

significance. As a consequence, determining the most influential variable is a crucial step. 

The second task is to develop a suitable classifier after the most important variables have been 

identified. This classifier must be interpretable by the expert to assess the confidence of the 

prediction. On the way to higher levels of automation, an increasing number of situations can 

be handled by the automated driving functions. Therefore, the classifier must be easily 

extendable. 

 
Figure 1.2: Transition from a separate to a holistic view of driving functions. 

Several methods in objective assessment exist that enable this two-step procedure. However, 

these methods focus on separate driving functions, as displayed on the left-hand side of Figure 

1.2. Systems like LKA or ACC are seen as independent functions and are assessed 

independently from each other. However, ADAS like the lane change assistant (LCA) result 

from integrated lateral and longitudinal functions. Therefore, a holistic view of the scenario 

is crucial, as displayed on the right panel of Figure 1.2. This is especially important with 

regard to HAD. In this use-case, the customer does not assess the longitudinal function 

separately from the lateral function. Therefore, the driver focuses on the entire driving 
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experience. The key to mastering this transition is a thorough understanding of the entire 

driving scenario. As clarified in the earlier example of the truck, understanding the scene is 

crucial for comfort perception.  

The proposed methodology of this study focuses on a more profound analysis of the scenario 

by processing multivariate time series of objectively measurable variables. This leads to a 

gain of information and an improved understanding of the situation. Therefore, it does not 

matter if only one system or a combination of systems is assessed. 

1.5 Thesis Structure 

This section introduces the structure of this thesis to provide an overview and orient the 

reader. Figure 1.3 shows a schematic illustration of the structure and the chapters. 

 
Figure 1.3: Schematic illustration of the structure of this thesis. 

The introduction is presented in Chapter 1. Chapter 2 focusses on the state-of-the-art 

techniques used in the objective assessment of ADAS. It starts with a definition of comfort in 

Section 2.1 and provides insights into potential influences of objectively measurable variables 

on comfort. This background is required to understand the challenges in the objective 

assessment of driving functions in Section 2.2. Because objective assessment of ADAS 

functions originates in the objective assessment of driving dynamics, an overview of the state-

of-the-art methods is given and the applications in ADAS are outlined. In Section 2.3, the 

limitations of the current approaches are discussed, and in Section 2.4, requirements for a new 

approach are defined. These problems and requirements are used to choose and develop 

suitable approaches. This study focuses on methods of time series clustering and classification 

for an objective assessment of ADAS functions. Therefore, an overview of the most 

promising methods is given in Section 2.5. Multivariate dynamic time warping (MDTW) is 

the central method used in this thesis; therefore, the most prominent MDTW approaches are 

highlighted and discussed. 

The methodology for objective assessment presented in this thesis comprises two major 

process steps, namely clustering and classification. Chapter 3 explains the first part of the 

methodology and is focused on determining the most influential variables in comfort 

perception for ADAS. First, an overview of the entire process is given in Section 3.1. The 

central part of the methodology is the calculation of distance using MDTW, which is 
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explained in detail in Section 3.2. In Section 3.3, possible clustering methods are proposed 

that can process the result of the MDTW calculation. The clustering is evaluated with cluster 

validation indices in Section 3.4. This process ends with a ranking of the most influential 

variables in ADAS comfort perception, which is explained in Section 3.5. In Section 3.6, an 

extension is presented that introduces a variable transformation method to improve the 

clustering results. 

Chapter 4 presents the second part of the methodology and focusses on predicting the driving 

comfort of ADAS. First, an overview of the entire process is given in Section 4.1. The distance 

also needs to be calculated with MDTW for the classification, but this has already been 

explained in Section 3.2. Section 4.2 gives an overview of promising distance-based 

classification methods. Next, Section 4.3 presents the k-nearest neighbor (k-NN) classifier 

with its weighted version, which is followed by an explanation of the kernel density estimation 

(KDE) classifier in Section 4.4. The different methods for the evaluation of the prediction 

performance are discussed in Section 4.5. To improve the prediction performance of the 

presented classifiers, it is useful to learn new observations over time. Therefore, the potential 

of active learning is emphasized in Section 4.6. This is followed by a brief presentation of the 

practical applications in Section 4.7.  

The entire methodology explained in Chapters 3 and 4 is validated in Chapter 5 based on the 

experimental results of a validation study. Section 5.1 describes the basic data set of the three 

use cases of the LKA, LCA and ACC. Furthermore, a short expert study is described that was 

conducted during the research for this thesis. The validation study is described in Section 5.2 

and comprises a dataset for each of the three use cases. The process of determining the most 

influential variables is demonstrated on the three datasets in Section 5.3. These variables are 

used in Section 5.4 to build classifiers for every use-case. For clarity, the experimental results 

are discussed in the experimental chapter. It comprises a comparison of the regular k-NN with 

the weighted k-NN classifier, a comparison of the univariate DTW with MDTW and a 

comparison of the highest performing MDTW classifiers with the state-of-the-art-methods. 

Chapter 6 discusses the experiments on a broader basis and critically examines the benefits 

and downsides of the proposed methodology. Challenges in the objective assessment of 

ADAS are also discussed, as well as the study design and applications of the methodology in 

practice. 

In Chapter 7, a conclusion is drawn based on the discussion in Chapter 6. An outlook is given 

for the future research in the objective assessment of automated driving functions. 
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2 Methods for the Objective Assessment of Automated 

Driving Functions 

In this chapter, a basic definition of comfort is provided, and some potential influences are 

discussed. Next, the state-of-the-art methods are discussed that relate comfort with objectively 

measurable variables, namely objective assessment. Subsequently, the limitations of these 

approaches are outlined and requirements for new approaches in the objective assessment of 

automated driving functions are defined. Machine learning methods for time series analysis 

provide a promising perspective for improving the current methods. Therefore, the most 

relevant approaches are discussed, with respect to their transferability in the field of objective 

assessment of ADAS.  

2.1 Definition of Comfort and Potential Influences 

The definition of driving comfort is nontrivial, and there is no uniform definition in literature 

[Bellem et al., 2016]. It is something hard to grasp, and every driver has a slightly different 

opinion of what comfort really is, especially for automated driving. Different definitions of 

comfort have been previously compared [Beggiato et al., 2018]. One example describes 

comfort as “a pleasant state of physiological, psychological, and physical harmony between 

a human being and the environment” [Slater, 1985]. This definition is rather global and 

therefore too abstract for the definition of ADAS comfort. In the context of this work, the 

definition of comfort, which is “subjective, pleasant state of relaxation resulting from 

confidence in safe vehicle operation which is achieved by the removal or absence of 

uneasiness and distress,” is taken from previous studies [Bellem et al., 2016; Beggiato et al., 

2018]. Especially with regard to HAD, the customers expect a highly comfortable drive to 

use the available time for non-driving related tasks. However, the average velocity should not 

be too low to enable adequate driving time [Festner et al., 2017]. As a consequence, simply 

reducing the acceleration to a minimum might not be the optimal solution for the customer. 

Therefore, the optimal characteristics of the most influencing variables must be determined. 

After comfort has been defined, the potential variables that influence the comfort are 

discussed. According to [Beggiato et al., 2018], comfort is affected by physical, physiological, 

and psychological determinants and results from an interaction with the environment. In this 

thesis, the focus is on the physical factors that impact the comfort of driving. Physiological 

and psychological determinants are explicitly not considered. Amongst others, [Beggiato et 

al., 2018] name unpredictable behavior of others, short distances, and maneuvers including 

larger vehicles as behaviors that might induce discomfort. Acceleration, jerks, and quickness 

have been considered the main factors influencing comfort in a lane change [Bellem et al., 

2016]. Of course, for different use-cases, the influencing variables can also vary, as well as 

their relative importance might differ. To better understand the factors influencing comfort, 

the state-of-the-art methods in objective assessment of driving functions are analyzed in the 

following section. 
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2.2 Objective Assessment of Driving Functions 

Objective assessment of driving functions is defined as the description of the subjective 

perceptions using objectively measurable variables and mathematical rules [Decker, 2009]. 

Objective assessment has been performed in drivetrain development for the perception of 

vehicle vibrations [Maier, 2011]. Furthermore, an objective drivability assessment has been 

performed for perception of acceleration smoothness [Machmudi Isa et al., 2014], and the 

drive away characteristics have also been assessed [Simon, 2010]. However, the closest 

research field next to the objective assessment of ADAS is the objective assessment of driving 

dynamics. Since most publications in objective assessment of ADAS use methods from 

driving dynamics, these methods are explained in Section 2.2.1. In Section 2.2.2, their 

extension to the objective assessment of ADAS is discussed. 

2.2.1 Driving Dynamics 

In driving dynamics, the focus of most studies is on lateral dynamics, such as the vehicle’s 

handling or steering feel, where the studies aim to assess the current calibration or simulation. 

Two major procedures are used in the literature for objective assessments of driving dynamics 

(Figure 2.1). 

 
Figure 2.1: Major procedures of objective assessment [Decker, 2009; Montgomery, 2013]. 

Classical Design of Experiments 

[Harrer, 2007] presents a methodology to describe steering feel objectively to improve the 

tuning process of handling characteristics. A transformation method for the subjective 

assessment has been developed to meet the requirements of the regression analyses. In this 

publication, an analysis of variance (ANOVA) and a simple regression analysis, as well as a 

multi-regression analysis, are used. 

[Simmermacher, 2013] analyzed the objective controllability of yaw disturbances in braking 

maneuvers. In this study, student’s t-test was used to detect the variables that have the highest 

impact on the subjective perception. Afterwards a regression analysis is conducted. 
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The process of the classical design of experiments (DoE) is displayed on the upper half of 

Figure 2.1 and begins with the formulation of hypotheses before an experiment is conducted. 

This procedure aims to prove causation based on the variation of one parameter (objectively 

measurable variable) and the determination of a significant impact on a second parameter 

(subjective perception). This is done by a test of the statistical differences (see Figure 2.2) to 

accept or reject the hypotheses that have been formulated in the beginning [Montgomery, 

2013]. An accepted hypothesis means that there is a significant relation between the 

objectively measurable variable and the subjective perception. In this case, a test of statistical 

relationships (see Figure 2.3) can be conducted. In most publications, a regression model is 

fitted to the data to predict the subjective perception based on an objectively measurable 

variable.  

 
Figure 2.2: Most common tests for statistical differences [Schwarz and Bruderer Enzler, 2019]. 

Explorative Procedure 

[Krüger and Neukum, 2001] reviewed objective assessment of driving dynamics and named 

the correlation and regression analysis as the main methods in literature. 

[Gomez, 2015] developed a procedure for efficient evaluation of vehicle dynamics using 

correlations of objective metrics and subjective assessments. In this study, a correlation 

analysis, simple linear regression analysis and multiple linear regression (MLR) were used.  

[Gil Gómez et al., 2015] performed the subjective assessment of vehicle handling and steering 

feel tests to understand drivers’ use of judgement scales, thus rating tendencies and spread of 

the comfort assessments. A first-impression test was compared with extensive free-driving 

tests. In this work, a correlation analysis and simple linear regression analysis were used.  
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[Fritzsche, 2015] focused on methods for the objective assessment of driving dynamics for 

virtual validation of steering systems. The goal was to design a virtual steering feel to simulate 

human steering behavior to compensate for disturbances. This work used regression analysis. 

 
Figure 2.3: Most common tests for statistical relationships [Schwarz and Bruderer Enzler, 2019]. 

The explorative procedure is more frequent in publications and suitable for objective 

assessment in real traffic, where an explicit generation of variants is not possible. In this 

approach, a test of the statistical relationships is conducted for multiple characteristic values 

(CVs) like the maximum of the longitudinal acceleration. The aim is to obtain CVs with the 

highest correlation to the subjective perception [Decker, 2009]. This procedure is either based 

on an expert guess which assumes a cause and effect relation between the CVs and the 

subjective perception or is used as explorative research to find promising CVs that are further 

tested in a second experiment according to classical DoE. Similar to classical DoE, a 

regression model can be built to predict the comfort based on CVs of objectively measurable 

variables. 

Figure 2.2 and Figure 2.3 provide an overview of the most prominent statistical tests. In 

general, various statistical tests can be used for the classical DoE and the explorative 

procedure (Figure 2.1). They can be divided into tests for statistical differences and tests for 

statistical relationships. 

Tests for Statistical Differences  

The most prominent tests for statistical differences that are used in the objective assessment 

of driving dynamics are student’s t-test and ANOVA. Tests for statistical differences 

(hypotheses tests) can be divided into tests for central tendencies, variances, proportions, and 

frequencies (Figure 2.2). Tests for central tendency are used most frequently to evaluate if the 

DEPENDENCE

STATISTICAL 

DIFFERENCES

STATISTICAL 

RELATION-

SHIPS

2 VARIABLES

− Pearson 
Chi²

− Correlation
(Bravais
Pearson)

− Regression

>2 VARIABLES

− Multiple 
Regression

− Logistic
Regression

…

MULTIVARIATE ANALYSES

LEGEND:



12 2 Methods for the Objective Assessment of Automated Driving Functions 

 

 

means of two variants are equal or not (e.g., student’s t-test, one-way ANOVA, or two-way 

ANOVA). This is especially useful for a study design where an explicit definition of variants 

is possible. In most cases, these studies are conducted on a closed test track or in simulation 

because a variant-based study in real traffic is almost impossible because of the changing 

conditions. To the best of the author’s knowledge, two-way MANOVA is a well-known 

multivariate test for statistical differences. However, this method is not suitable for an 

objective assessment because it assumes that the independent variables are categorial, but 

most of the independent variables considered in this thesis interval scaled. As a result, no 

multivariate hypotheses testing procedure is generally accepted for objective assessments to 

determine the objectively measurable variables that have the highest impact on subjective 

perception [Javanmard and Montanari, 2014]. 

Tests for Statistical Relationships 

The central aim of tests for statistical relationships is to model a relationship between an 

explanatory variable (objectively measurable variable) and a scalar response (subjective 

perception). They can be divided into tests with two or tests with more than two variables. 

The Bravais Pearson correlation and the linear regression analysis are the most common for 

objective assessment of driving dynamics [Krüger and Neukum, 2001]. In complex driving 

situations, comfort can depend on multiple objectively measurable variables. Therefore, the 

MLR analysis is also common for objective assessment. These linear models have the 

advantage of being easily comprehensible and interpretable. Further, they appear to be rather 

robust, which is helpful in coping with the variance of subjective perception (see Section 1.3). 

After the regression models have been built, the CVs of a new observation can be used to 

predict the perceived comfort. 

2.2.2 Advanced Driver Assistance Systems and Highly Automated Driving 

Previous studies have shown the need for an objective assessment of ADAS and have reported 

that only a few models are currently available [Wegscheider, 2009; Elbanhawi et al., 2015]. 

The aforementioned procedures (Section 2.2.1) have also been applied to the objective 

assessment of ADAS and represent the state-of-the-art methods. In the following section, the 

most relevant literature in the objective assessment of ADAS is described and divided into 

the categories, “Classical design of experiments” and “Explorative procedure” (see Figure 

2.1). 

Classical Design of Experiments: 

[Weitzel, 2013] used the student’s t-test to prove significant differences in the reaction 

velocity for the objective assessment of controllability of ADAS failures. This study on the 

controllability of such systems (which is also subjective) is crucial with the increasing 

intervention of ADAS into driving dynamics. 

[Krauns et al., 2017] used the student’s t-test to assess the differences in calibrations of HAD 

compared with those of ADAS. Next, a regression model was built to predict the comfort and 

dynamics of driving scenarios based on distances and accelerations. Apart from series sensors, 

the test vehicle was equipped with a 360° laser scanner to validate the series sensors and to 
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improve data quality. This objective assessment is conducted to optimize the ACC function 

with a model-in-the-loop approach. 

[Hartwich et al., 2015] used ANOVA to compare the comfort between manual driving and 

HAD. A handset control was used to measure the discomfort. The results from this study 

showed that comfort was significantly higher for automated driving than for manual driving. 

[Lange et al., 2014] compared the desired dynamics of lane changes between ADAS and 

HAD. The significance of the difference between the desired times of lane changes was tested 

with the student’s t-test. 

[Bellem et al., 2016] focused on the objectively measurable variables to distinguish between 

driving styles: comfortable, dynamic, and everyday driving. The significance of the 

differences was tested with ANOVA and the Bonferroni-corrected post hoc tests. 

Explorative Procedure 

[Oschlies et al., 2017] used a correlation and regression analysis to assess lateral control. 

Different trajectories were compared during cornering with different lateral deviations, and 

the optimal trajectories were identified by the drivers. Next, the results of the simulation were 

compared with those of the real driving scenarios. 

[Pawellek et al., 2016] used a correlation analysis and a linear regression analysis for 

objectively assessing different ACC calibrations to determine the calibration with the highest 

comfort. Different scenarios were tested in the city, on the highway, and on country roads. In 

addition, different ACC modes, namely sport and normal, were tested against each other. 

[Wegscheider, 2009] aimed to accelerate the development process of ADAS with simulation. 

Linear regression models were used to describe the relationship between the lateral movement 

and path curvature to assess the trajectory in the simulation and eventually increase comfort. 

This literature review showed that ANOVA, student’s t-test, and MLR are important methods 

in the objective assessment of ADAS. However, there are certain limitations, which are 

discussed in Section 2.3. 

2.3 Limitations of Current Objective Assessment Methods 

As stated in Section 2.2, the methods used for objective assessment of driving dynamics have 

been used for the objective assessment of ADAS in various studies. However, the objective 

assessment of ADAS shows fundamental differences from the objective assessment of driving 

dynamics. The main difference is that systems such as the LCA work in complex 

environments. In situations like a lane change on a highway curve, various variables can 

influence subjective perception. In addition, systems like ACC interact with other vehicles. 

Compared with standardized driving maneuvers in driving dynamics, the interaction with 

other vehicles leads to numerous possible situations. These two aspects show the difference 

between an objective assessment of driving dynamics and the objective assessment of ADAS. 

As a consequence, the current procedures of objective assessments must be rethought. As 

stated in Section 1.4, especially the scenario description and understanding is especially 

crucial. Furthermore, this is more important with regard to HAD, where the complexity and 
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number of scenarios further increase. The state-of-the-art approaches in objective assessment, 

presented in Section 2.2, showed a two-step process. In the first step (tests for statistical 

differences), the variables with the highest influence are determined, and in the second step 

(tests for statistical relationships), the relation between these variables and the subjective 

perception are modeled. In the following section, the limitations of the current methods are 

discussed. 

2.3.1 Determining the Most Influential Variables 

Although tests for statistical differences (Figure 2.2) in the classical DoE are well represented 

in literature, they have four major limitations: 

- L1 High Effort: The hypotheses of the experiments must be formulated in advance 

to avoid spurious correlations. As stated earlier, the scenarios in objective assessment 

of ADAS are highly complex with many variables influencing each other (e.g., road 

characteristics, traffic subjects, and weather conditions). Therefore, formulating one 

or more hypotheses for each variable will lead to a large number of experiments, 

resulting in enormous effort being required [Snijders, 2002]. As an example, the 

expert could formulate the hypothesis that an increasing lateral acceleration during the 

lane change could reduce the perceived comfort. 

- L2 Information Loss: Tests for statistical differences can only process characteristic 

values. Therefore, the time series of the objectively measurable variables must be 

reduced to a characteristic value to use such a test. As a result, the main information 

about the characteristics of the time series can be lost. Perceptions of driving 

maneuvers are complex and arise over time. Therefore, the course of the time series 

has a high impact on this perception [Krüger and Neukum, 2001]. In the preceding 

example of the lane change, the lateral acceleration must be reduced to a CV like the 

maximum of the lateral acceleration. 

- L3 High User Impact: The design of characteristic values (also known as feature 

engineering) is far from trivial and requires high expertise. Consequently, the impact 

of the expert that formulates the hypotheses and designs the characteristic values of a 

variable is high. The problem is that no significant impact of a variable being 

determined can be either due to wrong hypothesis or due to the absence of a real 

impact [Snijders, 2002]. So, if a significant relation between the maximum lateral 

acceleration and the comfort could not been proven, it could be that there is none or 

that the maximum was not the right CV. 

- L4 No Multivariate Relations: As stated in L1, many variables can potentially 

influence the perception of comfort. However, statistical tests such as student’s t-test 

or ANOVA can only be applied to one objective variable [Javanmard and Montanari, 

2014]. Interrelations are not considered in these tests, although they can be highly 

relevant for explaining the perception of comfort. As an example, an average lateral 

acceleration during a lane change and an average longitudinal acceleration during 

another lane change could lead to a high comfort perception in both cases, while a 

combination of both might lead to a poor comfort assessment. 

These limitations (L1-L4) demonstrate the challenging situations of determining the variables 
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with the highest impact. As a result, a new approach is needed to determine the variables with 

the highest influence on the subjective perceptions. The approach to determine the most 

influential variables presented in this work in Chapter 3 solves the limitations (L1-L4) by 

having a low effort, extracting as much information as possible from the time series, limiting 

the user impact to a minimum and detecting multivariate relations. 

2.3.2 Modeling the Relations of the Most Influential Variables 

The possibilities of model design are far more numerous than the methods for detecting 

variables with the highest impact. In general, all methods that assign a comfort assessment to 

a set of objectively measurable variables could be used for prediction. However, as described 

in Section 2.2, most studies for the objective assessment of ADAS use multiple linear 

regression (MLR). [Schöggl et al., 2014] is the only study that used a neural network (NN) 

for the objective assessment of a LKA. This neural network is based on lateral deviation, the 

average steering angle, the average lateral acceleration, and curvature radius. In principle, this 

shows that machine learning seems to be a promising approach. However, neural networks 

can be complex to understand, so they often appear as a black box. To fully understand the 

reasons behind comfort prediction, interpretability of the model is a major requirement. As 

the use of neural networks is not a general practice in objective assessment, the following 

limitations are focused on the MLR, which is the state-of-the-art technique in this field of 

research: 

- L5 Variance of the Subjective Perceptions: As stated in Section 1.3, perception 

varies from person to person, is dependent on the drivers’ physical and mental 

conditions (e.g., tiredness and concentration), and varies with the duration of the 

experiment (e.g., adaption) [Decker, 2009]. Of course, this challenge applies to more 

or less every prediction method and is not a special characteristic of linear regression. 

- L6 High User Impact: The same limitations that are shown in L3 for the tests for 

statistical differences apply to feature-based modeling methods. The impact of the 

expert that designs the characteristic values of variables is high and greatly depends 

on the experience of the user. Furthermore, the process should be standardized to be 

applied quickly to different use-cases of objective assessments and not only to be 

applied by experts.  

- L7 Information Loss: The time series must be reduced to a characteristic value to 

use classical regression (see L6). As a result, the main information about the 

characteristics of the time series is lost. This information loss is not negligible since 

the perceptions arise over time, and, therefore, the course of the time series has a high 

impact on perception [Krüger and Neukum, 2001]. 

These limitations (L5-L7) demonstrate the problems in designing models for the most 

important variables. As a result, a new approach is needed to model the relations of the 

objectively measurable variables with the subjective perceptions. The approach to build a 

suitable prediction model presented in this work in Chapter 4 solves limitations L5-L7 by 

coping with the variance of subjective perceptions, limiting the user impact to a minimum, 

and extracting as much information as possible from the time series. 
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2.4 Requirements for the Objective Assessment of Automated 

Driving Functions 

To develop an advanced methodology for the objective assessment of ADAS, not only the 

limitations of the current approaches must be overcome, but also several requirements must 

be fulfilled. As stated in Section 2.3, the objective assessment of ADAS is fundamentally 

different from the objective assessment of driving dynamics. The complexity of the scenarios 

and the interactions with other traffic subjects create further requirements for objective 

assessment. The requirements are divided into the following two process steps “determining 

the most influential variables” and “modeling the relations of the most influential variables”. 

2.4.1 Determining the Most Influential Variables 

Working with vehicle data poses special requirements for the methods to determine the most 

influential variables. They can be divided into four main aspects: 

- R1 Time Dependency of Variables: In objective assessment, many variables, for 

instance, steering angle and lateral acceleration, have a high degree of inter-

dependence. This means that the steering angle, for example, affects the lateral 

acceleration. Requirement: To ensure that the system behavior is as realistic as 

possible, all variables must be considered at specific time steps to capture their 

interaction. 

- R2 Interpretability of the System: The main goal of objective assessment is to 

understand the different types of system behaviors. To analyze the effects of 

objectively measurable variables on subjective perception, the methodology must be 

highly traceable. This is especially important because the engineer has to assess the 

confidence of the result. Requirement:  The method must not be a black box because 

it would not be clear why these variables are so highly influential. 

- R3 Variables with Different Magnitudes and Units: A special characteristic of 

vehicle data is that the units and magnitudes of these data such as velocity and 

acceleration can significantly differ (e.g., velocity, 0-200 km/h, acceleration, 0-3 

m/s²). Requirement: The method must take these different scales into account and 

compensate for their magnitudes. 

- R4 Variables with Different Influence: Objectively measurable variables can 

significantly influence each other (Compare with requirement R1). However, the 

intensity of interdependence is not necessarily the same for all variables. While the 

steering angle considerably influences lateral acceleration, its effect on longitudinal 

acceleration is noticeably smaller. In addition, the effect of longitudinal acceleration 

on comfort is not necessarily the same as the effect of lateral acceleration on comfort. 

Furthermore, the variable influence can also be driving maneuver-specific. Although 

in a cut-in of another vehicle during ACC, the longitudinal acceleration might highly 

influence comfort, it is not clear how high the effect of this variable is on comfort 

during a lane change. Requirement: The method must display the difference in the 

influence of multiple variables. 
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In Section 2.5, these requirements are used to choose a suitable research field for determining 

the most influential variables. 

2.4.2 Modeling the Relations of the Most Influential Variables 

Working with vehicle data poses special requirements for the methods to model relations of 

the most influential variables on the comfort. They can be divided into three main aspects: 

- R5 Multivariate Relations: The human perception of automated driving functions 

relies on multiple variables. It is clear that the perception of comfort of a lane change 

is not dependent on a single variable. Requirement: The classifier must use multiple 

objectively measurable variables to predict comfort to reproduce the human decision 

process. As stated in R1, the interrelations between the variables must be especially 

considered. 

- R6 Transparency of Classification: To detect the possible failures or limitations of 

the classifier, the classification process must be transparent for the user [Ribeiro et al., 

2016]. Requirement: To guarantee high applicability of the methodology, a mandatory 

requirement of the objective assessment of ADAS is that the classification results 

should be interpretable by non-machine learning experts. If the expert cannot interpret 

when the classification is trustworthy and when not, the classifier will not be used. 

- R7 Expandability: The scenarios that can be handled by automated driving systems 

when transitioning from ADAS to HAD increase continuously. Requirement: To 

adapt the existing classifier to these new scenarios and conditions, the classifier must 

be easily expandable. This could be achieved by adding new variables and changing 

weights for example. 

In Section 2.5, these requirements are used to choose a suitable research field for modeling 

the relations of the most influential variables. 

2.5 Time Series Clustering and Classification 

This section provides a short overview of the following subsections and clarifies why methods 

of pattern recognition and machine learning are vital for the objective assessment of ADAS. 

In particular, methods of time series analysis are promising. 

After the limitations of the current approaches have been described in Section 2.3 and the 

requirements for new approaches have been formulated in Section 2.4, Section 2.5 targets to 

identify the most promising technique that does not have the limitations and fulfills the 

requirements. In Section 2.5.1, the current methods for time series clustering and 

classification are discussed. As the methods for determining the most influential variables and 

the methods for modeling the relations should match, the limitations L1-L7 and the 

requirements R1-R7 are used together to detect the methods most suitable for solving both 

process steps. According to the limitations and requirements, the distance-based method 

MDTW is the most suitable one. Section 2.5.2 explains the nomenclature and the functioning 

of univariate dynamic time warping (DTW). In Section 2.5.3, the most promising MDTW 

approaches are explained and compared. In Section 2.5.4, the general procedures for 



18 2 Methods for the Objective Assessment of Automated Driving Functions 

 

 

clustering and classification with MDTW are presented. Section 2.5 describes the current 

work and derives the research field of Multivariate Dynamic Time Warping from time series 

clustering and classification. Furthermore, a comparison of the most relevant methods is 

conducted. A more extensive version of this work was previously published [Moser and 

Schramm, 2019].  

Machine learning is defined as a set of methods that can automatically detect patterns in data 

and can use these patterns to predict future data or perform other kinds of decision making 

under uncertainty [Murphy, 2012]. Hence, machine learning methods are designed for 

automated data analysis. But why is this important for the objective assessment of ADAS? 

The objective assessment of ADAS requires the correlation of subjective perceptions with 

objectively measurable variables, as stated in Section 2.2. High effort (L1) and high user 

impact (L3 & L6) were the key limitations of the state-of-the-art methods (Section 2.3). 

Therefore, automated analysis of the objectively measurable variables seems promising. The 

challenge is to automatically detect different patterns of data of objectively measurable 

variables that also lead to different subjective perceptions. In such a case, subjective 

perceptions can be predicted based on a certain pattern of the data of objectively measurable 

variables. 

The increasing power of data storage and processing, in many real-world applications like in 

automotive engineering, results in data being stored not only as sets of data points but also as 

time series [Warren Liao, 2005; Aghabozorgi et al., 2015]. In the case of objective 

assessment, vehicular behavior is influenced by various objectively measurable variables. The 

values of these variables vary over time and evoke complex processes. An entire test drive 

can be divided into specific driving maneuvers. Therefore, a large amount of information is 

stored in these time series, and the analysis of the time series is highly promising and essential 

for understanding and assessing vehicular behavior. However, the potentially complex 

interrelations between variables, which can even vary over time, make analyzing multivariate 

time series nontrivial [Bankó and Abonyi, 2012]. Information loss (L2 & L7) is an important 

limitation of the state-of-the-art methods (Section 2.3) because time series have to be reduced 

to a characteristic value. In the field of pattern recognition and machine learning, two major 

applications for knowledge discovery in multivariate time series exist: clustering is used to 

identify insights regarding the structure of the data and time-related patterns [Warren Liao, 

2005; Aghabozorgi et al., 2015]; classification is used to predict the class of a new observation 

[Xing et al., 2010]. Although this seems promising, three major challenges for time series 

analysis have been described [Xing et al., 2009]: 

1. Many methods only accept input data as a vector of features, and there are no explicit 

features in sequence data.  

2. Feature selection is far from trivial. Even with feature selection methods, the 

dimensionality of the feature space can be very high, especially when combinations 

of features are considered. Furthermore, the computation can be costly.  

3. Interpretability of the classifier or the clustering method is often desired. Without 

explicit features, designing an interpretable sequence classifier or clustering method 

becomes difficult. 
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As a result, it is not obvious which machine learning methods are suitable for the objective 

assessment of ADAS. Therefore, the methods for time series clustering and classification are 

more thoroughly discussed in Section 2.5.1. 

2.5.1 Methods for Time Series Clustering and Classification 

This section structures methods for time series clustering and classification with regard to 

multivariate time series. The research directions are discussed, and the most promising branch 

of methods, namely MDTW, is chosen. For this discussion, mainly the limitations L1-L7 from 

Sections 2.4.1 and 2.4.2 are used as a basis for decision.  

The goal of clustering is to partition a set of data points into a set of groups that are as similar 

as possible [Aggarwal and Reddy, 2015]. Based on their input, [Murphy, 2012] classified 

clustering approaches into similarity-based clustering and feature-based clustering. [Warren 

Liao, 2005] extended these categories to model-based clustering methods. The input to the 

clustering algorithm in similarity-based clustering is a 𝑁 × 𝑁 distance matrix. In feature-

based clustering, the input is a 𝑁 × 𝐷 feature matrix. In model-based clustering, the input is 

a model of the data [Warren Liao, 2005]. Similarity-based clustering allows for easy inclusion 

of domain-specific similarities or kernel functions [Murphy, 2012]. A benefit of feature-based 

clustering is its usefulness for potentially noisy data [Murphy, 2012]. Another method of 

categorizing clustering methods is based on their output. In flat clustering, the objects are 

partitioned into disjoint sets. In hierarchical clustering, a nested tree of partitions is created. 

The benefit of flat clustering is that it has short calculation time. However, hierarchical 

clustering can be more useful because different numbers of clusters can be analyzed at once 

[Murphy, 2012]. 

Classification belongs to the supervised machine learning approaches, the goal of which is to 

learn mapping from inputs 𝑥 to outputs 𝑦, given a labeled training set [Murphy, 2012]. In 

general, these inputs are called features, attributes, or covariables. However, 𝑥 can also be a 

complex structured object, such as an image, a sentence, an email message, a time series, a 

molecular shape, or a graph. In addition, the output variable 𝑦 could be anything in principle. 

However, most methods assume that 𝑦 is a categorical or nominal variable from a finite set 

𝑦 ∈ {1, … , 𝐶}. The predictive approaches can be divided into classification and regression. In 

classification or pattern recognition, 𝑦 is categorical, whereas in regression, 𝑦 is a real value 

[Murphy, 2012]. 

Most studies on clustering and classification have focused on static data [Warren Liao, 2005; 

Xing et al., 2010]. In contrast to static data, time series contain variables whose values change 

over time. In general, most algorithms for time series have been derived by modifying existing 

algorithms for static data to adapt them for processing time series data [Warren Liao, 2005; 

Xing et al., 2010]. A survey was also conducted on time series clustering [Warren Liao, 2005] 

and on time series classification [Xing et al., 2010]. Data preparation is a critical step while 

working with time series data. As stated in Section 2.5, there are no explicit features in time 

series. Therefore, the time series must be transformed to a format that can be handled by 

machine learning algorithms. Figure 2.4 shows this process of time series clustering and 

classification. The data preparation methods are the same for clustering and classification 
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[Warren Liao, 2005; Xing et al., 2010]. In this study, the classifier builds on the results of the 

clustering. Therefore, the same data preparation is used for clustering and classification to 

enable compatibility. In the following section, methods for data preparation are discussed 

based on the limitations L1-L7 and requirements R1-R7, and the methods not divided by 

clustering or classification for the sake of clarity. This discussion is summarized in Table 2.1. 

Three types of time series clustering or classification approaches have been identified: 

feature-based, model-based, and raw-data-based [Warren Liao, 2005; Xing et al., 2010].  

 
Figure 2.4: Process of time series clustering and classification. 

In feature-based approaches, an expert designs features such as the maximum and minimum 

of the time series, and a clustering or classification method such as k-means clustering or k-

NN classifier is applied to these features. In general, variables with different magnitudes and 

units (R3), and variables with different influence (R4) are not a challenge for feature-based 

methods. In this feature engineering, the information loss (L2 & L7) appears to be similar to 

that of state-of-the-art methods in objective assessment. The main advantage of feature-based 

approaches is that they can use existing approaches designed for clustering or classification 

of static data. However, feature extraction of time series is highly dependent on domain 

expertise (L3 & L6) [Seto et al., 2015]. Furthermore, because feature engineering is non-

trivial for time series, the effort can be quite high (L1), and with increasing complexity of the 

features, the interpretability could suffer (R2). As a result, this method is not considered in 

this study. 

In model-based approaches, the time series is approximated using a model upon which 

clustering is conducted or based on which the class is predicted [Xing et al., 2010]. The main 

advantage of this approach is that models such as continuous time Bayesian networks can be 

used to represent temporal dynamics (R1) by allowing the states to continuously evolve over 

time. Discrete states, like in the example of the Bayesian networks, can help in understanding 

the system (R2) and can reduce noise [Stella and Amer, 2012]. Unfortunately, the states must 

be defined by an expert, which leads to high user impact (L3 & L6), similar to feature-based 

approaches. This limitation also occurs in other model-based approaches. In any case, as a 

model is essentially an approximation of reality, some expert assumptions must be made [Wit 

et al., 2012], which leads to information loss (L2 & L7) and can potentially lead to high effort 

(L1). As a result, this method is also no longer considered in this study. 

In raw-data-based approaches, clustering or classification is performed using a distance 

measure directly on the raw data. By definition, such approaches use the highest potential 
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amount of information (L2 & L7) because they use the entire raw data. Since the data do not 

have to be transformed and can be directly processed, clustering or classification is achieved 

without the need for expert input (L3 & L6). However, the disadvantage of raw data is that it 

can potentially be prone to noise. Furthermore, the choice of a suitable distance metric is 

highly dependent on the characteristics of the time series data. Nevertheless, compared with 

feature-based and model-based approaches, raw-data-based methods are optimal for 

overcoming the limitations L1-L7 and fulfilling the requirements R1-R7 because raw data can 

be processed without expert knowledge and the highest information gain is obtained.  

Raw-data-based time series clustering or classification approaches can be distinguished by 

the underlying similarity measures which can be divided into lock-step measures, elastic 

measures, threshold-based measures, and pattern-based measures [Wang et al., 2013].  

Threshold-based measures are not considered in this work because the threshold must be 

defined by the user (L3 & L6), leading to a potentially high degree of user-dependence. 

Pattern-based measures are more suitable for long time series because they search for 

recurring patterns. The time series focused upon in this work, such as the variables measured 

during a lane change, are rather short. Therefore, appearance of significant recurring patterns 

is very unlikely. Consequently, pattern-based measures are not further considered. In lock 

step measures, the Euclidean distance which is the distance between the 𝑖-th point of time 

series 𝐴 and the 𝑖-th point of time series 𝐵, is measured to calculate the overall distance 

[Izakian et al., 2015]. The benefit of some lock-step measures is that they do not require 

parameter tuning, leading to a low user impact (L3 & L6). However, in the objective 

assessment of ADAS, time series of different lengths in which time shifts can occur must be 

processed. This is because not every lane change has the same duration. The downside of 

lock-step measures is that they cannot directly deal with time series of different lengths 

because they compare the 𝑖-th point of time series 𝐴 with the 𝑖-th point of time series 𝐵. 

Furthermore, they are sensitive to distortion along the time axis [Keogh and Ratanamahatana, 

2005]. Although they seem rather promising due to the low user impact, lock step measures 

are not further considered in this study. 

In contrast to the lock-step measures, elastic measures such as DTW compare the 𝑖-th point 

of time series 𝐴 with the 𝑗-th point of time series 𝐵. This results in a distance matrix from 

which the optimal warping path can be calculated [Berndt and Clifford, 1994]. DTW has a 

low user-impact like the Euclidean distance (L3 & L6). Furthermore, it can also accommodate 

time shifts in the data and process time series of different lengths. This comes at the cost of a 

higher calculation complexity relative to the Euclidean distance as a distance metric, for 

example. For vehicle data, where time shifts occur and time series of different lengths need 

to be observed, elastic measures are optimal because they have the capacity to directly deal 

with time series of different lengths and compensate for small offsets in comparable patterns. 

There are two major research directions on elastic measures, namely DTW and edit distance-

based measures [Wang et al., 2013]. In DTW, time steps are only stretched, whereas in edit 

distance-based measures, time steps are also skipped. Skipping time steps can result in loss 

of potentially valuable information. Therefore, edit distance-based measures are not 

considered further in this study. Figure 2.5 summarizes the decision steps to DTW as an 

overview. 



22 2 Methods for the Objective Assessment of Automated Driving Functions 

 

 

To detect and model multivariate relations (L4 & R5), MDTW is used. It has comparably low 

effort (L1) because the raw data can be directly processed. For the same reason, the 

information loss (L2 & L7) is small as well as the user impact (L3 & L6). As a result, all 

limitations, apart from L5 (variance of the subjective perceptions), can be overcome with 

MDTW. If the method can cope with L5 cannot be determined by a high-level comparison 

and is answered in later chapters. Since most of the requirements are dependent on the specific 

MDTW approach or the classification/clustering method, also this discussion will be in the 

following sections.  

 
Figure 2.5: Overview of the research directions in time series clustering and classification. 

2.5.2 Nomenclature and Functioning of Univariate DTW 

To understand the challenges and current approaches of MDTW, it is crucial to know the 

process of univariate DTW, shown in the following section [Rabiner and Juang, 1993; Keogh 

and Ratanamahatana, 2005].  

In this work, the following terminology is used: scalar 𝑥, column vector 𝒙, row vector 𝒙𝑇, and 

matrix 𝑴. A multivariate time series 𝑿 is defined as a time series with 𝑛 variables and 𝑡 

discrete time steps. In this time series, 𝒙𝑗 is the 𝑗-th variable and 𝑥𝑖𝑗 is the 𝑖-th time step with 

𝑿 = (𝒙1, 𝒙2, … , 𝒙𝑗 , … , 𝒙𝑛), 𝒙𝑗 = (𝑥1𝑗 , 𝑥2𝑗 , … , 𝑥𝑖𝑗 , … , 𝑥𝑡𝑗)𝑇, and 𝒙𝑖 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑗 , … , 𝑥𝑖𝑛)  

[Bankó and Abonyi, 2012]. MDTW calculates the distance between two multivariate time 

series (MTS). Given two MTS 𝑿 and 𝒀 with 

𝑿 = (

𝑥11 ⋯ 𝑥1𝑛

⋮ ⋱ ⋮
𝑥𝑡1 ⋯ 𝑥𝑡𝑛

) , 𝒀 = (

𝑦11 ⋯ 𝑦1𝑛

⋮ ⋱ ⋮
𝑦𝑚1 ⋯ 𝑦𝑚𝑛

)  (2.1) 

the (dis-) similarity is the accumulated distance between the two MTS over 𝑥𝑖𝑗 and 𝑦𝑙𝑗 and is 

called the distance measure 𝐷(𝑿, 𝒀) [Kale et al., 2014]. A dataset 𝑻𝑞 , 𝑞 ∈ ℕ, with 𝑞 time 

series 𝒀 ∈ 𝑻𝑞 is given. To find the closest match, the distance of all 𝒀 ∈ 𝑻𝑞 to a new MTS 𝑿 

must be calculated. Let 𝒀∗ be the MTS with minimal distance, i.e.: 
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𝒀∗ = argmin
𝒀∈𝑻𝑞

𝐷(𝑿, 𝒀). (2.2) 

For univariate time series, 𝐷(𝒙, 𝒚) is clearly defined and will be explained in the following 

section [Berndt and Clifford, 1994; Keogh and Ratanamahatana, 2005]. Previous studies can 

be referred to for a more thorough insight into DTW [Rabiner and Juang, 1993; Keogh and 

Ratanamahatana, 2005].  

DTW is a metric that calculates the distance 𝐷(𝒙, 𝒚) between two univariate time series. To 

calculate the distance, the aim of DTW is to align the two time series 𝒙 and 𝒚 of length 𝑡 and 

𝑚, respectively, where 

𝒙 = (𝑥1, 𝑥2, … , 𝑥𝑖 , … , 𝑥𝑡)𝑇 , 𝒚 = (𝑦1, 𝑦2, … , 𝑦𝑙 , … , 𝑦𝑚)𝑇 . (2.3) 

As a result, a 𝑡 × 𝑚 matrix is constructed, where the (𝑖𝑡ℎ, 𝑙𝑡ℎ) element contains the distance 

𝑑(𝑥𝑖, 𝑦𝑙) between two points 𝑥𝑖 and 𝑦𝑙. An example of 𝑑(𝑥𝑖, 𝑦𝑙) is 𝑑(𝑥𝑖, 𝑦𝑙) = |𝑥𝑖 − 𝑦𝑙|. 

Every element (𝑖, 𝑙) in this matrix corresponds to the alignment between the time steps 𝑥𝑖 and 

𝑦𝑙. The goal of DTW is to find the optimal alignment of the two univariate time series 𝒙 and 

𝒚 via creating a warping path 𝑊 as a set of 𝑘 matrix elements 𝑤𝑘 = (𝑖, 𝑙)𝑘, where 

𝑊 = (𝑤1, 𝑤2, … , 𝑤𝑘, … , 𝑤𝐾)        max(𝑚, 𝑡) ≤ 𝐾 < 𝑚 + 𝑡 − 1. (2.4) 

This warping path must follow three constraints to find the optimal alignment: 

1. Boundary conditions: The warping path must start with the first time step 𝑤1 = (1,1) 

and end with the last time step 𝑤𝐾 = (𝑡, 𝑚). Therefore, the optimal warping path must 

begin with the first time steps of the two time series and end with the last time steps 

of the two time series. 

2. Continuity: The allowable time steps in the warping path must be limited to the 

adjacent cells. If 𝑤𝑘 = (𝑎, 𝑏) is given, 𝑤𝑘−1 = (𝑎′, 𝑏′) with 𝑎 − 𝑎′ ≤ 1 as well as 𝑏 −

𝑏′ ≤ 1. This secures that the warping path does not jump time steps greater than 1. 

3. Monotonicity: The time steps in 𝑊 must be monotonically spaced in time, to prevent 

jumps into the past. Therefore, if 𝑤𝑘 = (𝑎, 𝑏) is given, then 𝑤𝑘−1 = (𝑎′, 𝑏′) with 𝑎 −

𝑎′ ≥ 0 as well as 𝑏 − 𝑏′ ≥ 0. 

As a result, there is a multitude of warping paths 𝑊 that potentially fulfill these constraints. 

To achieve the optimal alignment, the warping path with the smallest warping cost must be 

determined. Therefore, the dynamic time warping problem is defined as a minimization over 

potential warping paths based on the cumulative distance for each path, where 𝑑(𝑥𝑖, 𝑦𝑙) is the 

distance measure between the two time series elements [Keogh and Ratanamahatana, 2005].  

𝐷𝑇𝑊(𝒙, 𝒚) = min
𝑊

{∑ 𝛿(𝑤𝑘)

𝑝

𝑘=1

} , 𝑤𝑖𝑡ℎ 𝛿(𝑖, 𝑙) = 𝑑(𝑥𝑖, 𝑦𝑙). (2.5) 

The most prominent way to obtain the cost-minimal solution of 𝐷𝑇𝑊(𝒙, 𝒚) is a dynamic 

programming approach, where the cumulative distance 𝛾(𝑖, 𝑙) is defined as a sum of the 

distance 𝛿(𝑖, 𝑙) of the current cell and the minimum of the cumulative distances in the adjacent 

cells: 

𝛾(𝑖, 𝑙) = 𝛿(𝑖, 𝑙) + min{𝛾(𝑖 − 1, 𝑙 − 1), 𝛾(𝑖 − 1, 𝑗), 𝛾(𝑖, 𝑙 − 1)}. (2.6) 
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𝐷𝑇𝑊(𝒙, 𝒚) is a semi-metric because it does not satisfy the triangle inequality. As shown, 

𝐷(𝒙, 𝒚) = 𝐷𝑇𝑊(𝒙, 𝒚) is clearly defined for univariate time series. However, this is not the 

case with multivariate time series because there is no unique solution for the calculation of a 

multivariate distance. The reason for that is that there are many potential combinations of 

warping dimensions. In the following section, the most promising MDTW approaches are 

presented. 

2.5.3 Overview of the Most Promising MDTW Approaches 

In Section 2.5.1, it was shown that the univariate version of DTW does not provide sufficient 

results for applications with multiple variables with high degrees of interrelation. This is 

important because most dynamical systems are characterized by multivariate time series 

[Tapinos and Mendes, 2013]. Thus, obtaining sufficient clustering and classification results 

requires the use of MDTW approaches. An extensive overview of the existing MDTW 

approaches has been previously published [Moser and Schramm, 2019].  

[Petitjean et al., 2012] first reported two possibilities for an MDTW approach. The first one 

is called 𝐷𝑇𝑊𝐼, where 𝐼 denotes “independent warping” [Shokoohi-Yekta et al., 2015]. In this 

case, 𝐷𝑇𝑊 is computed 𝑛 times, once for every dimension, as displayed on the left-hand side 

of Figure 2.6. In 𝐷𝑇𝑊𝐼, each time series is aligned separately, what leads to 𝑛 alignments of 

the 𝑛 variables of two multivariate time series. The series of solid boxes in Figure 2.6 

represent the warping path and therefore, the alignment of the two time series.  

𝐷𝑇𝑊𝐼(𝑿, 𝒀) = ∑ 𝑐𝑗 ∙ 𝐷𝑇𝑊(𝒙𝑗 , 𝒚𝑗)

𝑛

𝑗=1

,  with 𝑑(𝑥𝑖𝑗, 𝑦𝑙𝑗)  (2.7) 

 
Figure 2.6: Warping paths of 𝑫𝑻𝑾𝑰 and 𝑫𝑻𝑾𝑫 [Shokoohi-Yekta et al., 2015]. 

 

X Y
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The second possibility of MDTW is 𝐷𝑇𝑊𝐷, where 𝐷 stands for “dependent warping” 

[Shokoohi-Yekta et al., 2015]. In 𝐷𝑇𝑊𝐷, an 𝑛-dimensional distance metric 𝛿 is used in the 

computation of the DTW. In contrast to 𝐷𝑇𝑊𝐼, in 𝐷𝑇𝑊𝐷, only a single alignment of the two 

multivariate time series is conducted, where the cost function 𝛿 is used to compare vectors of 

values instead of scalars. This process is displayed on the right-hand side of Figure 2.6. 

𝐷𝑇𝑊𝐷(𝑿, 𝒀) = 𝐷𝑇𝑊(𝑿, 𝒀),  with 𝛿(𝒙𝑖, 𝒚𝑙)   (2.8) 

Although [Petitjean et al., 2012] and [Shokoohi-Yekta et al., 2015] divided the MDTW 

approaches into two, a third approach called “integrated approaches or combinations of 𝐷𝑇𝑊𝐼 

and 𝐷𝑇𝑊𝐷” was added by [Moser and Schramm, 2019] because these approaches cannot be 

categorized into either 𝐷𝑇𝑊𝐼 or 𝐷𝑇𝑊𝐷. In objective assessment of ADAS, the relation 

between the variables is crucial to accurately describe a scenario. Since in 𝐷𝑇𝑊𝐼, the variables 

are warped independently of each other, the time-dependent interrelations (R1) are lost. 

Therefore, this field of research is not further considered in this work. As a result, 𝐷𝑇𝑊𝐷 and 

the integrated approaches seem to be the most promising for the objective assessment of 

ADAS. However, for considering 𝐷𝑇𝑊𝐷 and the integrated approaches, R2 is not met because 

dependent warping is conducted, which cannot be traced. This is a limitation that is bearable 

because the interrelations between the variables are preserved, which is more important in the 

objective assessment of ADAS. MDTW approaches have been thoroughly reviewed 

previously [Moser and Schramm, 2019]. In the following sections, only the most promising 

MDTW approaches for the objective assessment of ADAS are presented, which include two 

𝐷𝑇𝑊𝐷 approaches, p-Norm and the Mahalanobis distance, and one integrated approach, 

Correlation based Dynamic Time Warping. 

The p-Norm 

Under 𝐷𝑇𝑊𝐷 (Equation 2.8), multivariate time series are treated as a single series with 𝑛-

dimensional vectors of variables. Analogous to univariate 𝐷𝑇𝑊, in 𝐷𝑇𝑊𝐷, only a single 

warping is conducted. Therefore, the warping requires a multivariate cost function, 𝛿(𝒙𝑖, 𝒚𝑙), 

that can compare vectors of values. The p-norm (Equation 2.9) is the most prominent cost 

function for 𝐷𝑇𝑊𝐷 [Gavrila and Davis, 1995; Vlachos et al., 2003; Holt et al., 2007; Ko et 

al., 2008; Mello and Gondra, 2008; Sherkat and Rafiei, 2008; Liu et al., 2009; Gillian and 

Knapp, 2011; Al-Jawad et al., 2012; Petitjean et al., 2012; Kale et al., 2014; Górecki and 

Łuczak, 2015; Shokoohi-Yekta et al., 2017]. 

𝛿(𝒙𝑖, 𝒚𝑙) = (∑ 𝑐𝑗|𝑥𝑖𝑗 − 𝑦𝑙𝑗|𝑝

𝑛

𝑗=1

)

1
𝑝

 (2.9) 

The p-Norm appears in different variations. In some studies, the p-Norm is extended by a 

weighting factor 𝑐𝑗 to adjust the interrelations of the variables. For 𝑝 =  2 and 𝑐𝑗 = 1, 

Equation 2.9 becomes the Euclidean distance, which is used most often. [Holt et al., 2007] 

normalized each dimension to zero mean and unit variance, rendering all of the dimensions 

comparable. Therefore, the p-Norm can handle variables with different magnitudes and units 

(R3). Since the weighting factor 𝑐𝑗 is determined for every variable separately, this approach 

can also display the influence of the different variables on comfort assessment (R4).  
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Mahalanobis Distance 

[Mei et al., 2014] proposed that MDTW can be based on the Mahalanobis distance (Equation 

2.10) for use in data-driven fault diagnosis and also belongs to the 𝐷𝑇𝑊𝐷 approaches.  

𝛿(𝒙𝑖, 𝒚𝑙) = (𝒙𝑖 − 𝒚𝑙)
𝑇𝑀(𝒙𝑖 − 𝒚𝑙) (2.10) 

In this study, a metric learning algorithm was used to learn the static feature vectors in 

measurement signals to obtain the Mahalanobis distance over the feature space. The 

Mahalanobis distance is a unitless measure parameterized by a positive semi-definite matrix 

that considers the correlations of different variables. An advantage of the Mahalanobis 

distance is that it builds an accurate relationship between each variable and the respective 

class [Mei et al., 2016]. This approach especially focusses on the fact that not every variable 

is equally important for process monitoring and fault diagnosis. However, a key problem is 

to learn an accurate Mahalanobis distance function that converges. [Mei et al., 2016] proposed 

logDet divergence-based metric learning with triplet constraint models. As the different 

magnitudes of the variables can be compensated in the Mahalanobis matrix 𝑀 and this matrix 

shows the relations between the variables, this approach fulfills requirements R3 and R4, 

similar to the p-Norm. 

Correlation Based Dynamic Time Warping 

[Bankó and Abonyi, 2012] presented a fundamentally different approach that cannot be 

classified into either 𝐷𝑇𝑊𝐼 or 𝐷𝑇𝑊𝐷. Therefore, it is classified in the category of integrated 

approaches. The central idea of this approach is that the correlations between the variables 

denote the real information obtainable through multivariate comparison. Therefore, the 

authors developed an algorithm called correlation-based dynamic time warping (CBDTW). 

This approach applies principal component analysis (PCA) segmentation, which is based on 

a previously developed approach [Abonyi et al., 2004]. The similarity between two 

multivariate time series is calculated based on PCA-related costs, where the covariance 

matrices of the segments, 𝑭𝑖, are defined as follows: 

𝑭𝑖 =
1

𝑏𝑖 − 𝑎𝑖
∑ (𝒙𝑘 − 𝒗𝑖)(𝒙𝑘 − 𝒗𝑖)

𝑇

𝑏𝑖

𝑘=𝑎𝑖

 (2.11) 

where 𝒗𝑖 denotes the means of the segments. In Equation 2.11, 𝑎 and 𝑏 are the start and end 

points of the segment, respectively. The covariance matrix 𝑭𝑖 =  𝑼𝑖𝛬𝑖 𝑼𝑖
𝑇 is decomposed in 

𝑼𝑖 , which denotes eigenvectors with their respective eigenvalues in their columns. To 

calculate the distance between the PCA segments of two multivariate time series, the 

Krzanowski distance (Equation 2.12) was used [Abonyi et al., 2004]: 

𝑆𝑃𝐶𝐴 =
1

𝑝
𝑡𝑟𝑎𝑐𝑒(𝑼𝑖,𝑝

𝑇 𝑼𝑗,𝑝𝑼𝑗,𝑝
𝑇 𝑼𝑖,𝑝), (2.12) 

where 𝑝 is the number of principal components. Because PCA can cope with variables with 

different magnitudes and units, requirement R3 is met. However, after PCA, the influence of 

the variables on each other cannot be detected. Therefore, R4 is not met. 

As a summary of this section, Table 2.1 provides an overview of the three approaches with 
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respect to the limitations and requirements formulated in Sections 2.4.1 and 2.4.2. In Section 

2.5.4, clustering and classification methods based on MDTW as a distance metric are 

presented. 
Table 2.1: Overview of the fulfilled limitations and requirements. 
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L1 High Effort + + + 

L2 Information Loss + + + 

L3 High User Impact + + + 

L4 No Multivariate Relations + + + 
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R1 Time Dependency of the Variables + + + 

R2 Interpretability of the System - - - 

R3 Variables with Different Magnitudes  + + + 

R4 Variables with Different Influence + + - 

C
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ic
. R5 Multivariate Relations + + + 

R6 Transparency of the Classification* + - - 

R7 Expandability*1 + - + 

2.5.4 MDTW for Distance Based Time Series Clustering and Classification 

MDTW was determined as a promising distance metric for raw-data-based clustering and 

classification methods in Section 2.5.1, the functioning of univariate DTW was explained in 

Section 2.5.2, and the most promising MDTW approaches were described in Section 2.5.3. In 

this section, clustering and classification methods are presented that can operate with the 

distance calculation of MDTW (Compare Figure 2.4). 

Overview of the Clustering methods 

Pairwise application of MDTW to all 𝑁 observation of a data set results in a 𝑁 × 𝑁 distance 

matrix (see Section 2.5.1). In general, every clustering algorithm can be used that can deal 

with a distance matrix. The standard algorithm for a distance matrix is hierarchical clustering 

 

 
1 * This limitations and requirements are answered in chapter 4. 
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[Chandra and Gupta, 2013; Wang et al., 2016]. Density based spatial clustering of 

applications with noise (DBSCAN), density peaks, k-means clustering, spectral clustering, and 

time-series anytime density peaks (TADPole) have also been considered as possible clustering 

algorithms that work well with distance matrices created by DTW. A short description of 

these algorithms is presented in the following sections [Begum et al., 2015]. 

Hierarchical clustering can be either agglomerative (bottom up) or divisive (top down). In 

the first case, the most similar groups are merged stepwise. In the second case, the dataset is 

split stepwise. The benefit of hierarchical clustering is that most algorithms are deterministic 

and do not require the number of clusters to be specified [Murphy, 2012]. According to a 

previous study [Ester et al., 1996], the main problem with hierarchical clustering is finding 

an appropriate termination condition to achieve “natural” clusters. 

[Ester et al., 1996] proposed the DBSCAN algorithm, the key principle of which is that for 

each point of a cluster, the neighborhood of a given radius must contain at least a minimum 

number of points. Therefore, the density in the neighborhood has to exceed a certain threshold 

[Ester et al., 1996]. However, [Rodriguez and Laio, 2014] stated that choosing this threshold 

can be non-trivial. DBSCAN identifies clusters of arbitrary shapes and requires only one input 

parameter. It is especially useful for large spatial basic data sets [Ester et al., 1996]. 

[Rodriguez and Laio, 2014] described the density peaks algorithm whose principle is that 

clusters are characterized by a higher density than their neighbors and by a relatively large 

distance from points with higher densities. In this algorithm, the number of clusters arises 

intuitively, and outliers are automatically excluded from the analysis. Furthermore, clusters 

are recognized regardless of their shape and their dimensionality in space [Rodriguez and 

Laio, 2014].  

The goal of k-means clustering is to minimize the sum of the squares of the distances of each 

data point to its respective cluster center. k must be defined before the clustering process, and 

the k cluster centers are randomly initialized. Therefore, it is a non-deterministic clustering 

approach, so the results may vary [Bishop, 2006]. In general, k-means clustering cannot be 

applied to a distance matrix, but [Begum et al., 2015] have proposed a modified version. 

[Ng et al., 2001] introduced the spectral clustering algorithm, where the top eigenvectors of 

a matrix derived from the distance matrix are used. Therefore, dimensionality reduction is 

performed before clustering. Spectral clustering algorithms have been successfully applied in 

computer vision. The previously discussed DBSCAN algorithm is a special case of spectral 

clustering [Ng et al., 2001]. 

[Begum et al., 2015] proposed the TADPole algorithm, where the density peaks framework is 

augmented and the upper and lower bounds of DTW are exploited to prune unnecessary 

distance computations. This algorithm does not require metric properties, and has a 

comparably lower computation complexity than the density peaks algorithm. [Dau et al., 

2016] 

Overview of the Classification Methods 

[Chen et al., 2009] has defined similarity-based classifiers as classifiers that estimate the class 

label of a new observation based on the similarities of this observation with a set of labeled 
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training data and the pairwise similarities between the samples of the training data. Similarity 

also plays a fundamental role in the human learning process and human perception [Chen et 

al., 2009]. Therefore, this type of classifiers is highly relevant for the objective assessment of 

ADAS. [Chen et al., 2009] reviewed similarity-based classification and divided classifiers 

into k-NN, weighted k-NN, similarities as kernel, similarities as features, and similarity 

discriminant analysis (SDA). A short description of these algorithms is presented in the 

following sections. 

According to [Cazzanti et al., 2008], the 1-nearest neighbor classifier is the simplest method 

for similarity-based classification and is the most prominent classifier for time series 

applications [Keogh and Kasetty, 2003; Wei and Keogh, 2006; Xing et al., 2010]. It 

determines the most-similar training sample to the test sample. Next, the test sample is 

classified with the class of the most-similar training sample. For a more robust classification, 

the k-NN can be used or even the robust k-NN, presented by [Gao et al., 2016]. The k-NN 

classifier has been extensively utilized with time series data due to its conceptual simplicity, 

efficiency and ease of implementation [Oregi et al., 2017]. 

[Hechenbichler and Schliep, 2004] presented the weighted k-NN as an extension of the k-NN 

approach, where the distances of the nearest neighbors are considered. The principal is that 

observations from the training set that are closer to the new observation should get a higher 

weight in the decision than observations that are far away [Hechenbichler and Schliep, 2004]. 

The weights on the neighbors can be used as probabilities and can be summed for each class 

to form posteriors. In addition, asymmetric misclassification costs can be introduced to prefer 

certain classes [Chen et al., 2009].  

A standard interpretation of a kernel is the pairwise similarity between different samples 

[Chen et al., 2009]. Therefore, the pairwise distances (similarities) that can be calculated with 

MDTW can also be used as kernels. This approach has been denoted similarities as kernel 

and the support vector machine (SVM) has been proposed as representative of kernel methods 

[Chen et al., 2009]. SVMs are mainly designed for binary classification, although multiclass 

SVMs also exist. Another promising approach in the field of kernels is the KDE. In this 

classifier, the kernels are used to estimate the probability of a certain class [Bishop, 2006]. 

The similarities between a sample x and n training samples can also be treated as features for 

classification [Chen et al., 2009]. All well-established machine learning methods can be 

applied for these features. However, only if the intra-class similarity is significantly higher 

than the interclass similarity, these features lead to a sufficiently high prediction accuracy 

[Balcan et al., 2008]. 

The SDA is a generative framework for similarity-based classification that models the class-

conditional distributions of dissimilarity statistics [Cazzanti et al., 2008]. It is a maximum-

entropy generative similarity-based classifier. 

In Figure 2.7, the clustering methods and classifiers for distance-based time series analysis 

are summarized. A discussion follows in Chapters 3 and 4, where the respective methods are 

integrated into the process of objective assessment of ADAS.  

Chapter 2 provided a definition of comfort, introduced the field of objective assessment of 

ADAS, summarized limitations of the current approaches, collected requirements for future 
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approaches, and determined the field of MDTW as the most promising for future approaches 

in objective assessment of ADAS. In Chapter 3, the methodology for determining the most 

influential variables in ADAS comfort perception is discussed. 

 
Figure 2.7: Overview of the clustering and classification methods for distance-based time series analysis. 
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3 Clustering: Determining the Most Influential Variables in 

ADAS Comfort Perception 

This chapter presents the methodology for determining the most influential variables in 

ADAS comfort perception, which has been previously published [Moser and Schramm, 2018] 

and is explained in a more detail here. This chapter starts with a process overview (3.1), where 

the process of determining the most influential variables is discussed on a high level. 

Subsequently, the process steps are detailed, namely distance calculation with multivariate 

dynamic time warping (MDTW) (3.2), clustering (3.3), cluster evaluation (3.4), and ranking 

(3.5). This chapter ends with an extension (3.6), where a special treatment for challenging 

variables is presented. 

3.1 Process Overview: Distance Based Time Series Clustering 

This section provides an overview of the entire process of determining the most influential 

variables in ADAS comfort perception and also demonstrates why clustering is an important 

step of structural analysis before the classification step.  

In Section 2.5, MDTW based clustering was determined as highly promising for the objective 

assessment of ADAS, according to the limitations and requirements shown in Sections 2.3 

and 2.4. To use this method for objective assessment, the process of MDTW based Clustering, 

Evaluation, and Ranking (MCER) was established [Moser and Schramm, 2018]. It aims to 

determine the objectively measured variables with the highest impact on the subjective 

perception for a specific driving scenario. This is achieved by an automatic search for patterns 

in objectively measurable variables that lead to significant differences in subjective 

perceptions and can therefore be used to assess the suitability of these variables to predict the 

subjective perception. Figure 3.1 displays this process of MCER from MDTW over clustering 

and cluster evaluation to the ranking in the end. 

 
Figure 3.1: Process of MDTW based clustering evaluation and ranking (MCER). 

Starting with step 1, MDTW is calculated to measure the similarity between the observations, 
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using the highest amount of information stored in the objectively measurable variables. 

MDTW also captures the interrelations between these variables. 

In step 2, the observations of an experiment are automatically clustered based on the MDTW 

distance. This results in groups of similar patterns of a specific driving maneuver (e.g., similar 

variants of a lane-change). The user impact on this clustering must be small to enable 

reproducible outcomes. The clusters that are created in this process step are comparable to the 

variants in a classical design of experiments (see Section 2.2). 

Cluster evaluation follows in step 3. The aim of this process step is to assess the intensity of 

the relations between the patterns of objective variables and the subjective perceptions. 

Cluster validation indices (CVIs) like purity are essential for this task.  

The final step 4 creates a ranking of the variables. The CVIs can assess different clusterings 

based on different combinations and weightings of variables. As a result, the combination of 

variables that leads to the highest homogeneity of subjective perceptions can be determined. 

These variables provide the most information to divide the dataset into variants, based on 

which the subjective perception can be explained best. 

After this short overview of the process steps of MCER, why clustering is indeed an insight-

generating and necessary process step before classification is discussed. Determining the 

objectively measurable variables that have the highest impact on the subjective perception of 

ADAS is far from trivial because so far, there is no standardized set of variables available 

[Wegscheider, 2009]. However, determining these variables is crucial for the prediction of 

subjective perceptions. It is comprehensible that with a set of arbitrarily chosen variables, the 

prediction of subjective perceptions will be poor. Therefore, a process of determining these 

variables in an objective manner is necessary. The advantage of MCER over the state-of-the-

art approaches (Section 2.2) is that it is designed for experiments (e.g., real traffic) in which 

an explicit creation of variants is not possible or is extremely costly. Therefore, these variants 

must be generated in an automatic way to prove a dependency between the objectively 

measured variables and the subjective perceptions. Clustering is a process of automated 

structural analysis of a dataset, and it leads to the following three insights: 

• Parameter tuning: Determining the weighting of the most influencing objectively 

measurable variables. 

• Situation awareness: Detecting the variable patterns in combination with their 

occurrence (amount of observations in the cluster). 

• Calibration suggestion: Comparing the high and low comfort clusters to determine a 

pleasant driving style for the calibration. 

In the following section, these three insights are described in more detail. 

Clustering for Parameter Tuning 

In general, finding the most influential variables is an optimization problem. There are 

possible variables that may have an impact, and the subjective perception may be the response 

variable. Therefore, weights of the variables can be varied, as well as the number of variables. 

If the weighting 𝑐𝑗 of the variables is in the range of 0 and 1, it can be varied for every 

combination of possible variables. This process is also called hyperparameter tuning. 
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However, an optimization criterion is necessary to assess the influence of the variables. 

In machine learning applications, a common practice is to build a prediction model and assess 

the prediction performance to quantify the effect of the predictor variables on the response 

variable. A subset of the training set is taken as a validation set, and the prediction 

performance of the reduced training set on the validation set is assessed. In addition, cross 

validation can be used [Murphy, 2012].  

 
Figure 3.2: Comparison of the used amount of observations of the dataset in clustering and 

classification. 

However, in this procedure, especially with distance-based classifiers, the data set is never 

treated as a whole (Figure 3.2). Therefore, the solution is always locally optimized rather than 

globally optimized. Additionally, depending on the validation set, a significant amount of the 

training dataset could be unused for prediction with a distance-based classifier (see right-hand 

side of Figure 3.2). Therefore, if the most influential variables are determined by a comparison 

of the prediction performance, the prediction performance could be high on one validation set 

and significantly worse on a different validation set (where a different part of the training set 

is used). In general, this effect cannot be compensated with k-fold cross validation because it 

leads to k locally optimal solutions and no globally optimal solution. Therefore, this tuning of 

hyperparameters (e.g. weights of the classifier) is locally optimized and prone to overfitting 

[Murphy, 2012]. 

A clustering approach, in contrast, analyzes the overall structure of the dataset, thus leading 

to a more robust solution (e.g. when the dataset is extended by new observations). This 

approach evaluates the global consistency of the dataset by evaluating the homogeneity of 

clustering as opposed to the prediction accuracy of a classifier that only assesses the local 

consistency [Murphy, 2012]. 

Clustering for Situation Awareness 

Objective assessment of ADAS aims to objectively assess the subjective perception of the 

driver. To achieve a representative result, the distribution of the scenarios is of high 

importance. It is clear that scenarios with high occurrence must be handled by the driving 

function with high comfort. Otherwise the customer will not use the function. Therefore, it is 

necessary to determine the high occurring scenarios in real traffic. Furthermore, less frequent 

scenarios can be of high interest, when the behavior of the function is exceptional in contrast 
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to the high occurring scenarios. These rare events or corner cases [Chipengo et al., 2018] can 

be shocking for the customer and frame his experience as really uncomfortable. Therefore, 

they must be determined as well. This can be achieved by the clustering of multivariate time 

series to detect the different scenarios. The two phenomena are depictured in Figure 3.3 and 

Figure 3.4. 

 
Figure 3.3: Example of a high frequent scenario. 

Figure 3.3 and Figure 3.4 show two clusters of a clustering that was conducted for an objective 

assessment of a Lane Change Assistant (LCA). Hierarchical clustering based on the MDTW 

distance was performed with the time series of longitudinal acceleration, lateral acceleration, 

and velocity. In this experiment, different lane changes were conducted by the study subjects, 

who rated the perceived comfort after the scenario. The cluster 6 in Figure 3.3 shows a high 

occurring scenario of a lane change. Neither longitudinal nor lateral acceleration show any 

abnormalities, and the majority of lane changes are perceived as comfortable by the study 

subjects. The cluster 3 in Figure 3.4 clearly shows an outlier with a high longitudinal 

acceleration. Maybe the subject had to accelerate heavily to overtake another vehicle during 

the lane change. It is striking that the time series of the longitudinal acceleration is 

fundamentally different from the lane changes in cluster 6 (Figure 3.3). Therefore, it can be 

considered as a corner case. As a result, this clustering gives an overview of possible situations 

in combination with their occurrence.  
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Figure 3.4: Example of a corner case scenario. 

Based on the occurrence of scenarios in real traffic, a strategy for objective assessment can 

be developed. If a scenario like the one in cluster 3 (Figure 3.4) has been detected, a second 

study can be conducted to further analyze the comfort perception of such vehicle behaviors. 

Clustering for Calibration Suggestion 

One of the main goals of objective assessment of ADAS is to improve the calibration of a 

specific function. Therefore, the question that arises is what a desirable function behavior is. 

The behavior for optimal comfort cannot be determined by only classifying some observations 

into high comfort and others into low comfort. However, a clustering can be used to identify 

different behaviors of the system and to compare the subjective perceptions of these different 

behaviors. Figure 3.5 and Figure 3.6 show two clusters of a clustering that was conducted for 

an objective assessment of ACC. Hierarchical clustering based on the MDTW distance was 

performed with the time series of longitudinal acceleration, velocity, and distance to the target 

object. In the experiment, different variations of a cut-in maneuver were driven, and the ego 

vehicle had to brake to handle the cut-in of another vehicle. These variations can be clearly 

seen in the time series of the longitudinal acceleration in the two clusters. In cluster 1 (Figure 

3.5), only a small deceleration (1-2 m/s²) was necessary to handle the cut-in of the other 

vehicle. This behavior of the ego vehicle was perceived as highly comfortable behavior by all 

study subjects. However, in cluster 3 (Figure 3.6), the deceleration was much higher (up to 6 

m/s²) than in cluster 1. Consequently, the majority of study subjects rated this vehicle behavior 

as less comfortable.  
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Figure 3.5: Example 1 of a pattern of an ACC cut-in scenario. 

Vehicle behavior where the opinion of the study subjects is not as homogeneous as seen in 

the previous example also needs to be considered. This is a clear sign that the vehicle behavior 

turns from comfortable to uncomfortable, and some study subjects are more sensitive to this 

behavior than others. As a result, these clusters can be used to display the optimal behavior 

of the function. Based on this insight, the calibration can be changed to operate in a more 

comfortable mode. After presenting an overview of the process of MCER and highlighting 

the benefits of clustering, namely parameter tuning, situation awareness, and calibration 

suggestion, in the following, the distance calculation with MDTW is discussed in detail. 

3.2 Distance Calculation with Multivariate Dynamic Time Warping 

The process that is presented in Chapter 3 uses MDTW as a distance metric for clustering. To 

summarize Section 2.5, MDTW is the most promising approach for objective assessment of 

ADAS, where an automated time series clustering process without an educated guess is 

required for analyzing data with time shifts and varying temporal lengths without skipping 

time steps [Begum et al., 2015]. However, the extension of DTW to the multivariate case is 

not trivial. [Moser and Schramm, 2019] stated that there are multiple approaches for 

implementing MDTW, each of which can lead to different distance calculations and 

consequently different clusterings. This problem has been previously demonstrated on a basic 

data set [Shokoohi-Yekta et al., 2015].  
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Figure 3.6: Example 2 of a pattern of an ACC cut-in scenario. 

For a more thorough description of the MDTW approaches, the reader is referred to Section 

2.5.3. 𝐷𝑇𝑊𝐼 calculates DTW independently for every dimension. Consequently, the 

interrelations between the variables get lost. Since the interrelations of the variables are highly 

important in the objective assessment of ADAS, this method to calculate MDTW is not 

considered in this study. In contrast, 𝐷𝑇𝑊𝐷 calculates one warping over all variables and 

retains the interrelations, which seems far more promising [Holt et al., 2007]. The integrated 

approaches are approaches that cannot be classified into either 𝐷𝑇𝑊𝐼 or 𝐷𝑇𝑊𝐷 [Bankó and 

Abonyi, 2012]. Section 2.5.3 showed that of the multitude of approaches in MDTW, the p-

Norm [Holt et al., 2007], the Mahalanobis distance [Mei et al., 2016], and CBDTW [Bankó 

and Abonyi, 2012] seem to be the most promising (compare Table 2.1). These approaches 

retain the time dependency of the variables (R1) and can deal with variables with different 

magnitudes and units (R3). However, only the p-Norm and the Mahalanobis distance can 

handle variables with different influences on subjective perception (R4) and also explicitly 

show these different influences. PCA used in CBDTW can handle these variables but does 

not show the explicit effects. Therefore, CBDTW is not further considered in this study. For 

applications where the explicit clarification of the influences of the different variables is not 

important, this method can also be applied. As stated in Section 2.5.3, a key problem of the 

Mahalanobis distance is that it needs to learn an accurate distance function that also 

converges. In the experiments that were conducted in this study, the distance function did 

converge for small datasets (~140 observations). However, for larger datasets (~500 

observations), the distance function did not converge within two weeks. In objective 
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assessment of ADAS, the number of observations varies between 500 and 5000, depending 

on the number of study subjects and the complexity of the maneuver. Therefore, this approach 

has no practicality in the objective assessment of ADAS. As a result, the 𝑝-Norm is used as 

an MDTW metric in this study (Equation 2.9). [Holt et al., 2007] state that in general, every 

𝑝-Norm can be used to calculate the distance of two feature vectors. To determine the optimal 

value of 𝑝, clustering was conducted for different values. The first insight was that when 

applied to the vehicle acceleration data, the 3-norm and higher 𝑝 values led to a clustering 

with one megacluster (clusters with a large number of elements) and almost only singleton 

clusters (clusters with only one element). Therefore, using 3 or higher as 𝑝 value distorts the 

distance metric so that no differences between the observations could be detected by the 

algorithm. In contrast, the 1-norm and the 2-norm provide comparable clustering results. 

However, the 2-norm seems to distinguish patterns more clearly than the 1-norm, as shown 

in the comparison of Figure 3.7 with Figure 3.8. Clustering was performed with a hierarchical 

clustering based on the DTW distance with the time series of longitudinal acceleration.  

In Figure 3.7, exemplary clusters of the 1-norm are depicted. It is clear that the algorithm can 

distinguish between different patterns of longitudinal accelerations (e.g. cluster 2 and cluster 

4). However, in cluster 3, at least two different patterns are combined in one cluster. 

 
Figure 3.7: Clustering results of the 1-norm. 
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Figure 3.8: Clustering results of the 2-norm. 

In Figure 3.8, exemplary clusters of the 2-norm are pictured. The differences between the 

patterns of cluster 9 and 10 are sharper than in the clustering of the 1-norm delivering an 

improved clustering result. Of course, these effects can vary depending on the characteristics 

of the data. Therefore, in some use cases, the 1-norm could lead to better clustering results 

than the 2-norm. However, based on the clustering results that are shown in Figure 3.7 and 

Figure 3.8, in this study, the 2-norm is used due to its superior performance. As a result, 

Equation 2.9 can be simplified to 

𝛿(𝒙𝑖, 𝒚𝑙) = √∑ 𝑐𝑗(𝑥𝑖𝑗 − 𝑦𝑙𝑗)
2

𝑛

𝑗=1

 (3.1) 

Some previous studies have used the 2-norm for MDTW calculations [Ko et al., 2008; Mello 

and Gondra, 2008; Gillian and Knapp, 2011; Petitjean et al., 2012]. Figure 3.9 displays the 

functioning of 𝐷𝑇𝑊𝐷 with Equation 3.1 as the distance function. The warping path of MDTW 

is calculated according to the univariate DTW in Section 2.5.2. However, a multivariate 

distance function 𝛿(𝒙𝑖 , 𝒚𝑙) is used to calculate the distance between the two lane changes, 𝑿 

and 𝒀.  
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Figure 3.9: Functioning of 𝑫𝑻𝑾𝑫 with Equation 2.9 as distance function. 

In the objective assessment, the variables can have different magnitudes. As velocities range 

from 0 𝑘𝑚/ℎ up to 250 𝑘𝑚/ℎ, accelerations only range from about −6 𝑚/𝑠² up to +5 𝑚/𝑠². 

In principle, the factor 𝑐𝑗 could also be used to compensate for the different magnitudes of the 

variables. For reasons of clarity, it makes sense to normalize the variables and to vary 𝑐𝑗 

between 0 and 1 to determine the importance of the respective variables after normalization. 

The following three normalization methods are common and generally accepted in data 

preparation.  

The z-score is defined as 

𝑥𝑛𝑒𝑤 =
𝑥 − 𝜇

𝜎
 (3.2) 

where 𝑥 is the value of the variable, 𝜇 is the mean, and 𝜎 is the standard deviation. If the input 

variables are not Gaussian distributed, z-score normalization does not retain the input 

distribution at the output because the  mean  and  standard  deviation  are  the  optimal location  

and  scale  parameters  only  for  a  Gaussian distribution [Mohabeer et al., 2011]. 

Divide by max is defined as 

𝑥𝑛𝑒𝑤 =
𝑥

𝑥𝑚𝑎𝑥
 (3.3) 

where 𝑥𝑚𝑎𝑥 is the maximum value of 𝑥. Therefore, the variable is normalized by its maximum 

[Neumayer et al., 2011]. This is probably the simplest method for normalization. 

Feature scaling brings all values in the range [0,1] and is defined as 

𝑥𝑛𝑒𝑤 =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 (3.4) 

where 𝑥𝑚𝑖𝑛 is the minimum value of 𝑥. The cost of having this bounded range is a smaller 

standard deviation, which can suppress the effect of outliers [Pyle, 1999]. This method is 

common in machine learning applications. 

In general, all of the three normalization methods can be used. Depending on the 

characteristics of the variable, a different normalization method may be preferred. For 
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variables like longitudinal acceleration, the zero value should be preserved to keep the 

information if it is a braking or an accelerating maneuver. Therefore, divide by max would be 

preferable over z-score and feature scaling. 

When the optimal normalization method has been chosen and MDTW is applied pairwise to 

every pair of observations in a dataset, the result is a distance matrix that describes the 

similarity between the observations. This distance matrix is used for clustering in the 

following section. 

3.3 Clustering 

Clustering can generally be defined as the task of grouping a set of objects in a way that 

similar objects are clustered in the same group and dissimilar objects are separated into 

different groups [Shalev-Shwartz and Ben-David, 2014]. In time series clustering, a dataset 

𝑿𝑞 = {𝑿1, 𝑿2, … , 𝑿𝑞} of 𝑞 time series data is given [Arbelaitz et al., 2013; Aghabozorgi et 

al., 2015]. In clustering, unsupervised partitioning of 𝑿𝑞 is performed into 𝐸 = {𝑒1, 𝑒2, … , 𝑒𝑅} 

exclusive clusters with 𝑿𝑞 =∪𝑒𝑟∈𝐸 𝑒𝑟 , 𝑒𝑟 ∩ 𝑒𝑑 = ∅ ∀𝑟 ≠ 𝑑. In Section 3.2, MDTW was 

introduced as the metric 𝐷(𝑿1, 𝑿2) that calculates the pairwise distance of all 𝑞 time series 𝑿 

in a dataset 𝑿𝑞 , 𝑞 ∈ ℕ to each other to create a distance matrix, as shown in Figure 3.10. It is 

a symmetric matrix with 𝐷(𝑿𝑖 , 𝑿𝑖) = 0.  Section 2.5.4 provides an overview of clustering 

methods that can process a distance matrix, namely hierarchical clustering, DBSCAN, density 

peaks, k-means clustering, spectral clustering and TADPole. 

 
Figure 3.10: Exemplary distance matrix that results from a pairwise MDTW calculation. 

According to requirement R2, the process of determining the variables with the highest impact 

on the subjective perception should be interpretable and understandable by the user. This 

results in two obligatory characteristics. First, the approach should be deterministic. When 

clustering is conducted several times, the same result should be obtained every time. 

Otherwise, this behavior would lead to confusion, and an expert would get a high impact in 

the first clustering and a low impact in the second clustering. Second, the approach should be 

easy to understand, and in the best case, no parameter tuning should be necessary. If an 

approach is easily understandable, possible errors can also be detected more easily. As a 
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result, hierarchical clustering was chosen in this work because it is a deterministic and easily 

comprehensible clustering method. In addition, it does not require the number of clusters to 

be prespecified [Murphy, 2012]. Apart from k-means clustering all other methods are 

deterministic. However, they require hyperparameters to be specified or are complex and 

difficult to interpret. 

In the following sections, hierarchical clustering is explained in more detail than in Section 

2.5.4. Hierarchical clustering is one of the most commonly used parameter-free clustering 

methods and can be divided into agglomerative and divisive hierarchical clustering. This 

depends on whether the hierarchical decomposition is formed in a merging or splitting way 

[Han and Kamber, 2012].  

Agglomerative hierarchical clustering belongs to linkage-based clustering algorithms, which 

proceed in a sequence of rounds. It begins with trivial clustering, where each data point 

represents a single cluster. Repeatedly, agglomerative hierarchical clustering merges the 

closest clusters of the previous clustering according to a distance metric. In this process, the 

number of clusters decreases in each round [Shalev-Shwartz and Ben-David, 2014]. The 

clustering stops when all objects are located in a single cluster [Han and Kamber, 2012]. 

Divisive hierarchical clustering is almost the opposite of agglomerative hierarchical 

clustering. It places all objects in one cluster and divides this cluster into multiple smaller 

clusters recursively. Divisive hierarchical clustering stops when every object is located in its 

own cluster [Han and Kamber, 2012]. 

 
Figure 3.11: Process of agglomerative hierarchical clustering [Han and Kamber, 2012]. 

In both clustering approaches, the user only has to specify the desired number of clusters. In 

general, for objective assessment, both clustering approaches can be used. However, [Han 

and Kamber, 2012] state that partitioning of a large cluster into several smaller ones is non 

trivial because there are 2𝑛−1 − 1 possible ways to partition a set of 𝑛 objects. Since the 
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divisive clustering methods use heuristics, this can lead to inaccurate results [Han and 

Kamber, 2012]. Therefore, in this study, agglomerative hierarchical clustering is used. 

Figure 3.11 shows the process of agglomerative hierarchical clustering. In every step, two 

closest clusters are merged into one single cluster. As a distance measure, the average distance 

in the cluster, for example, can be used. The farthest distance or the median are also common 

distance metrics. Furthermore, this process can be displayed in a dendrogram, as shown in 

Figure 3.12. The dashed line marks the possible number of clusters, which is 3 in this case. 

Unfortunately, finding the optimal number of clusters is not trivial. It is a problem that occurs 

in most clustering methods [Jung et al., 2003]. [Madhulatha, 2012] recommends the elbow 

criterion, the Akaike information criterion, the Bayesian information criterion and the 

deviance information criterion to overcome this problem.  

 
Figure 3.12: Dendrogram of agglomerative hierarchical clustering [Murphy, 2012]. 

In this study, the elbow criterion is used, because it is a very common criterion to choose the 

optimal number of clusters and is often used in combination with agglomerative hierarchical 

clustering [Madhulatha, 2012]. The elbow criterion is a visual method, where a “training cost” 

is calculated for every 𝐾 number of clusters 𝐶𝐾 [Kodinariya and Makwana, 2013]. At some 

point of 𝐾, the value of the training cost drops dramatically. This denotes the optimal number 

of clusters [Madhulatha, 2012]. The elbow criterion is displayed in Figure 3.13. In this figure, 

the training cost is the information entropy (Section 3.4), which is a common partition 

criterion for clustering [Rendón et al., 2011]. From 10 to 11 clusters, there is a clear decrease 

in the information entropy. According to the elbow criterion, 11 would be an optimal number 

of clusters. So far, clustering can be conducted with a pairwise calculation of MDTW, which 

leads to a distance matrix that can be clustered with agglomerative hierarchical clustering, 

and with the elbow criterion, the optimal number of clusters can be determined. However, in 

Section 3.2, a weighting factor 𝑐𝑗 was introduced to weigh the different variables. Therefore, 

to conduct clustering, an initial value for 𝑐𝑗 must be set to determine the optimal number of 

clusters. According to [Kahneman, 2012], a distribution of equal weights is a valid 

initialization, when no more information about the different influence of the variables is 

available. Therefore, to determine the optimal number of clusters, equal weights are assigned 

to all variables. Of course, a normalization must be conducted first (Section 3.3). 
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Figure 3.13: Elbow criterion with information entropy. 

This process is displayed in Figure 3.14 with the respective sections denoted in bubbles. When 

the optimal number of clusters is known, clustering can be conducted multiple times with 

different values of the weighting factor 𝑐𝑗 to determine the optimal weighting. In the next 

section, methods for the evaluation of clusterings are presented. 

 
Figure 3.14: The process of determining the optimal number of clusters. 

3.4 Cluster Evaluation 

In Section 3.3, agglomerative hierarchical clustering with MDTW as a distance metric was 

explained, and a process for determining the optimal number of clusters was presented. As 

stated in Section 3.1, the aim of the present procedure is to determine the most influential 

variables in ADAS comfort perception. Hence, the combination of variables (with weights 𝑐𝑗) 

that leads to the best clustering with respect to the subjective perception contains the most 

influential variables. To define what the best clustering is with respect to subjective 

perception, this section focuses on the evaluation of clusterings. The basic principle is that 

variables with a high influence on the subjective perception show different patterns depending 

on the driving situation. These patterns can be detected by a clustering algorithm. If different 

patterns really lead to different subjective perceptions, it can be concluded that the underlying 

variables have a high impact on this perception. This is schematically displayed in Figure 

3.15. 

Normalization
Assignment of 

equal weights

Pairwise MDTW 

calculation

Hierarchical 

clustering

Elbow 

criterion

Result: 

Optimal number 

of clusters

3.2 3.2 3.3 3.3



3 Clustering: Determining the Most Influential Variables in ADAS Comfort Perception 45 

 

 
Figure 3.15: Effect of different time series patterns on comfort perception. 

In this example, pattern B leads to very high comfort perceptions, while pattern C clearly 

leads to low comfort perceptions. The comfort perception of pattern A is between that of B 

and C. Because the algorithm can distinguish between different comfort perceptions only 

based on different patterns of a variable, the time series of this variable must have a high 

effect on comfort perception. Due to variation of subjective perceptions (Section 1.3), some 

variations in the comfort assessments within the patterns are also expected. However, the goal 

of clustering is a high intra-cluster similarity of the subjective perceptions in combination 

with a low inter-cluster similarity. Therefore, a high homogeneity of subjective assessments 

within the clusters is desired.  

Consequently, the question that arises is how a significant difference of comfort perceptions 

between the clusters can be proved. The closest conclusion would be to apply tests for 

statistical differences (Section 2.2) to the clusters. However, in the clustering of vehicle data 

from real traffic, it is likely that the number of elements in different clusters vary greatly, and 

clusters with only 1-2 elements may also exist (singletons). This is because different driving 

patterns in reality, such as in a lane-change scenario, hardly ever appear equally distributed 

[Ebner, 2014]. As a result, some patterns occur frequently, while others are quite rare. 

Therefore, the classical statistical significance tests like student’s t-test or ANOVA cannot be 

used in this case to detect a significant difference in the distribution of subjective perceptions 

between clusters of frequent and rare patterns. Consequently, the clusters must be assessed in 

a different way to prove a dependency. 

Cluster validation indices (CVIs) have been widely used for evaluating clustering. They can 

be classified into internal and external CVIs [Rendón et al., 2011]. Internal CVIs are designed 

to measure the fit between the data and the expected structure or to evaluate the stability of 

the clustering solution. In contrast, external CVIs assess the results of a clustering algorithm 

based on external information like class labels [Rendón et al., 2011]. In the context of 

objective assessment, the concept of external CVIs seems far more promising because this 

external information can be the subjective perception, which is not known to the clustering 

algorithm during the process of clustering. To prove a high intra-cluster similarity of 

subjective perceptions is the challenge that was formulated earlier in this section. Therefore, 

this study uses external CVIs to measure the homogeneity of the subjective perception in 

different clusterings. As external CVIs, the F-measure, normalized mutual information, 
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purity, and entropy have been proposed [Rendón et al., 2011]. The F-measure and the 

normalized mutual information depend on ground truth labels. However, these ground truth 

labels are not clear in the clustering of objective assessment. There is no “right” cluster, where 

a certain pattern should be inserted correctly, because the “right” cluster depends on the 

majority of subjective perceptions in the respective cluster. Furthermore, different patterns 

can also have the same subjective assessment because there are multiple reasons for an 

uncomfortable lane change. Therefore, the F-measure and normalized mutual information are 

not further considered in this work.  

Because the majority of subjective perceptions in the respective cluster are important, purity 

and entropy evaluate cluster homogeneity based on the relative distribution of class labels in 

the clusters. Therefore, these two CVIs are especially useful for cluster evaluation in the 

objective assessment of ADAS. 

In Equation 3.5, 𝑃𝑗  calculates the purity of a cluster 𝑗 with 𝑖 elements. It is the fraction of the 

largest class of objects 𝑛𝑗
𝑖 divided by the overall cluster size [Rendón et al., 2011]. 

𝑃𝑗 =
1

𝑛𝑗
𝑀𝑎𝑥𝑖(𝑛𝑗

𝑖) 
(3.5) 

In the context of objective assessment, the most frequent subjective perception in one cluster 

is divided by the total amount of cluster elements. It is important to not only calculate the 

purity of one cluster but also calculate the purity of the entire clustering. This overall purity 

is obtained as a weighted sum of the cluster purities, defined by 

𝑃𝑢𝑟𝑖𝑡𝑦 = ∑
𝑛𝑗

𝑛
𝑃𝑗

𝑚

𝑗=1

 
(3.6) 

where 𝑚 is the number of clusters, 𝑛𝑗  is the number of elements in cluster 𝑗, and 𝑛 is the total 

number of elements. The range of the purity is between 0 and 1. Higher purity values denote 

better clustering, with 𝑃𝑢𝑟𝑖𝑡𝑦 = 1 being the perfect clustering. 

The entropy of a cluster 𝑗 with 𝑖 elements is defined as 

𝐸𝑗 = ∑ 𝑝𝑖𝑗 log(𝑝𝑖𝑗)

𝑖

 (3.7) 

where 𝑝𝑖𝑗 =
𝑛𝑗

𝑖

𝑛𝑗
 is the maximum likelyhood estimate of the subjective perception 𝑖 in cluster 𝑗 

[Rendón et al., 2011]. Similar to purity, entropy can also be calculated for the entire clustering 

according to 

𝐸 = ∑
𝑛𝑗

𝑛
𝐸𝑗

𝑚

𝑗=1

. 
(3.8) 

If all clusters consist of objects with only a single class label, the entropy is 0 [Rendón et al., 

2011]. The more class labels occur in a single cluster, the more the entropy increases. 

In the experimental study of [Rendón et al., 2011], the purity (Equation 3.6) clearly 
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outperforms entropy. Furthermore, because purity takes values between 0 and 1, it is rather 

convenient to compare different clusterings, even for completely different scenarios. 

Therefore, the user always knows if the clustering is highly homogeneous. In contrast, entropy 

has no upper limit. Therefore, different use-cases are difficult to compare. As a result, in this 

work, purity is used to assess the homogeneity of the subjective perceptions of a clustering. 

3.5 Ranking 

In this study, 𝑝𝑢𝑟𝑖𝑡𝑦 is used to measure the homogeneity of a clustering and consequently to 

compare different clusterings. The goal is to create a ranking of the variables based on purity 

that shows the variables with the highest impact on the subjective assessment of the ADAS 

and their interrelations. The systematic variation of the weighting parameter 𝑐𝑗 ∈ [0,1] with 

∑ 𝑐𝑗𝑗 = 1 is displayed in Table 3.1, where for every combination of the weighting 𝑐𝑗, the 

purity according to Equation 3.6 is calculated. 

 
Table 3.1: Variation of the weighting of two variables with the respective purity. 

𝑐1 (weighting of var. 1) 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 

𝑐2 (weighting of var. 2) 1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0.0 

Purity 0.4 0.5 0.4 0.5 0.6 0.4 0.7 0.8 0.7 0.5 0.5 

Table 3.1 shows that values between 0.6 and 0.8 for 𝑐1 and values between 0.2 and 0.4 for 𝑐2 

lead to the highest purity. A possible interpretation is that 𝑐1 has a higher impact on subjective 

perception than 𝑐2. However, only considering 𝑐1 would lead to a lower 𝑝𝑢𝑟𝑖𝑡𝑦 than using a 

combination of 𝑐1 and 𝑐2. Therefore, the best decision between different comfort levels can 

be achieved by a combination of the two variables. This ranking can be conducted for any 

combination of variables. However, the number of computations rises by 11𝑛−1 for variation 

steps of 0.1 with 𝑛 variables. Therefore, a careful selection of a set of variables based on 

expert choice can reduce this computational complexity. Of course, this ranking is highly 

dependent on the used CVI. Furthermore, the experimental conditions can influence the result 

of the ranking. Therefore, this ranking should be treated more like a tendency than a high 

precision statement. In vehicle measurement, not every variable has the same characteristics, 

and some variables are especially difficult to handle. Therefore, in the next section, a variable 

transformation is presented that can improve the clustering. 

3.6 Extension: Variable Transformation for Improved Clustering 

Vehicle data can be challenging when it has special characteristics. One especially 

challenging variable is the distance to the vehicle in the front of the ego vehicle. It is a variable 

that artificially jumps to the arbitrary value “1400” when no vehicle is present in the front. 

This results in a really large distance calculation when the case of a front vehicle at a 100𝑚 

distance, for example, is compared with the case of no front vehicle.  
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Figure 3.16: The difference between the two high distance scenarios 1 a) and 1 b) and two low distance 

scenarios 2 a) and 2 b). 

As a result, the differences in small distances are hardly considered. To solve this problem, in 

the first step, the arbitrary value of 1400𝑚 was replaced by 80𝑚. It was assumed that 

distances greater than 80𝑚 in general only have a marginal impact on comfort perception (of 

course there are special cases). However, this change in the variable was not enough because 

the problem displayed in Figure 3.16 still exists. In case 1a), on the left-hand side of Figure 

3.16, the front vehicle drives exactly 80𝑚 in front of the ego vehicle. In case 1b), the front 

vehicle drives exactly 75𝑚 in front of the ego vehicle. Then, the DTW distance calculation 

is the integral over time between these two values. In case 2a), on the right-hand side of Figure 

3.16, the front vehicle drives exactly 10𝑚 in front of the ego vehicle. In case 2b), the front 

vehicle drives exactly 5𝑚 in front of the ego vehicle. The DTW distance calculation of case 

2 would be the same as that of case 1. However, it is assumed that a change in distance 

between the ego vehicle and the front vehicle from 10𝑚 to 5𝑚 has a much higher impact on 

comfort perception than the reduction from 80𝑚 to 75𝑚. Driving experts stated that smaller 

distances are critical for comfort perception. Therefore, it seems promising to emphasize 

small distances and consequently sharpen the focus on small distance patterns. One possibility 

is to apply a function on the variable. A family of curves that emphasizes small values is 

𝑓𝑡(𝑥) =
1

𝑥𝑡. Some values for 𝑡 are displayed in Figure 3.17 to clarify the effect of 𝑓𝑡(𝑥). 
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Figure 3.17: Examples of the family of curves 𝒇𝒕(𝒙) =
𝟏

𝒙𝒕. 

Figure 3.17 shows that from 𝑡 = 1 to 𝑡 =
1

32
, the large values are multiplied with an almost 

constant factor, while the small values are strongly emphasized. Therefore, the smaller the 

value of 𝑡, the smaller the values that are emphasized. Figure 3.18 shows the effect of this 

transformation on the original signals. Basically, the function 𝑓𝑡(𝑥) inverts the original 

signals. Scenario 2 on the left-hand side of Figure 3.18 begins with a distance of about 45 𝑚 

and ends with about 5 𝑚, which is a close distance to the vehicle in the front. In the 

transformed signal of scenario 2 on the right-hand side of Figure 3.18, this effect is inverted 

and an emphasis is given on the close distance. In contrast, the decrease in distance from 80 𝑚 

to 45 𝑚 in scenario 1 is almost eliminated in the transformation. Therefore, high-distance 

variations are only considered roughly by the algorithm, while small-distance variations are 

considered sharply. 

 
Figure 3.18: The transformational effect of 𝒇𝒕(𝒙) on the original signals. 

As a result, more patterns of close-distance situations are distinguished, and the situations 

with large distances are clustered together. Therefore, this procedure should extract the most 

critical situations for comfort, including the close distance ones according to the experts.  

Figure 3.19 shows the clustering results of the baseline distance. The clustering results of the 

function with 𝑡 =
7

16
 is shown in Figure 3.20. The algorithm mainly distinguishes between 

different patterns of high distances, as shown in cluster 3, 13 and 14 in Figure 3.19. In contrast, 

for the function 𝑓𝑡(𝑥) with 𝑡 =
7

16
 in Figure 3.20, the high distance patterns are packed in one 

large cluster (cluster 10), and the different patterns mainly focus on small distance effects that 

tend to lead to a poor comfort assessment. Therefore, by applying the function the function 

𝑓𝑡(𝑥), clustering has indeed improved and is focused on more critical patterns for comfort. 

Of course, the optimal value of 𝑡 needs to be evaluated. There are several criteria for good 

clustering of the distance to the vehicle in the front. First, the number of close-distance clusters 

should be as high as possible to extract as many patterns as possible. Furthermore, the number 
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of singletons (clusters with only 1 or two elements) should be as low as possible to avoid a 

trivial solution. In addition, the purity (Equation 3.6) should be as high as possible. 

 
Figure 3.19: Clustering results of the baseline distance. 

Table 3.2 shows the difference between the clustering after the functional transformation on 

a dataset from the objective assessment of ACC. In this comparison, singletons comprise 1 to 

2 elements, and close distance clusters have a distance smaller than 20𝑚.  

Although a major change in purity cannot be observed, Table 3.2 shows that the number of 

close-distance clusters is clearly higher when functions of the family 𝑓𝑡(𝑥) =
1

𝑥𝑡 are used to 

transform the distance to the front vehicle. 

 

BASELINE DISTANCE
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Table 3.2: Comparison of different values of 𝒕 based on clustering criteria. 

 Baseline 𝒇𝟏 𝒇𝟏
𝟐⁄  𝒇𝟕

𝟏𝟔⁄  𝒇𝟓
𝟏𝟔⁄  𝒇𝟏

𝟒⁄  𝒇𝟏
𝟏𝟔⁄  𝒇𝟏

𝟑𝟐⁄  

Close-distance 

clusters 

7 15 13 13 14 15 13 15 

Singletons 4 15 12 10 7 8 8 10 

Purity 0.570 0.567 0.570 0.565 0.565 0.570 0.576 0.556 

Values of 𝑡 =
5

16
 and 𝑡 =

1

4
 lead to a high number of close-distance clusters in combination 

with a low number of singletons. Therefore, the transformation has the intended effect, and 

these values of 𝑡 seem to be optimal in this use-case. 

 
Figure 3.20: Clustering results with a focus on smaller distances. 

DISTANCE 



52 4 Classification: Predicting Driving Comfort of ADAS 

 

 

4 Classification: Predicting Driving Comfort of ADAS 

This chapter presents the methodology for the prediction of the driving comfort of ADAS. 

This has been previously published [Moser et al., 2019] and is explained in more detail here. 

This chapter begins with a process overview (4.1), where the process of building an MDTW-

based classifier is discussed. Subsequently, the process steps are detailed. However, because 

the process of MDTW has been described in detail in Section 3.2, it is only covered roughly 

in Section 4.1. In Section 4.2, distance-based classifiers are presented that handle the MDTW 

distance measure. The k-NN classifier is presented in detail in Section 4.3, followed by a KDE 

based classifier in Section 4.4. Section 4.5 provides an evaluation of the prediction 

performance, and the potential of active learning follows in Section 4.6. Chapter 4 ends with 

a description of the practical application of the methodology using a graphical user interface 

(GUI) in Section 4.7. 

4.1 Process Overview: Distance-Based Time Series Classification 

This section provides an overview of the entire process of designing an MDTW-based 

classifier, presents its benefits, and roughly outlines the distance calculation with MDTW that 

was described with a high level of detail in Section 3.2. 

The goal of this methodology is to predict the perceived comfort of ADAS during a specific 

driving scenario. To allow wide applicability and to consequently accelerate the process of 

objective assessment, this methodology should be implemented with regards to easy 

applicability. Distance-based classifiers predict the class label of a new observation based on 

the similarities between this new observation and a training set of observations with known 

labels [Chen et al., 2009]. Their main advantage is that the generation of features is not 

necessary for prediction [Xing et al., 2010]. Therefore, a distance-based approach is optimal 

for designing an easy applicable classifier for the objective assessment of ADAS. 

 
Figure 4.1: Process of sequence distance based classification (see [Xing et al., 2010]). 
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Figure 4.1 displays the process of designing a distance-based classifier from calculating the 

distance and, classification to evaluation of the prediction performance. 

Starting with step 1, MDTW is calculated to measure the similarity of the new observation 

with the observations in the dataset, using the highest amount of information stored in the 

objectively measurable variables. MDTW also captures the interrelations between these 

variables. 

In step 2, a classifier predicts the class of the new observation (e.g. the level of comfort 

assessment) based on the MDTW distance measure. These classifiers can use the distance 

directly or as the center of a kernel. In addition, the use of similarities as features is common 

in similarity-based classification [Chen et al., 2009]. 

The process ends with an evaluation of the prediction performance in step 3. This evaluation 

must be tailored to the specific use-case of objective assessment, where a variation of the 

labels is common, and a ground truth is not existent. 

After a short overview of the process steps of the classification with a distance-based 

classifier, the benefits of using an MDTW-based classifier are explained in the following 

section. In distance-based classification, the distance function significantly determines the 

quality of the classification [Xing et al., 2010]. The Euclidean distance is a distance function 

that has been widely adopted in simple time series classification. However, this distance has 

two disadvantages. First, the Euclidean distance requires two time series to be equal in length. 

Second, it is highly sensitive to distortions in the time dimension [Xing et al., 2010]. Notably, 

time series of unequal lengths and distortions in the time dimension frequently occur in 

driving scenarios. Because there is a multitude of possible lane changes, it is uncommon for 

two observations to have the same length. This is also true for distortions in the time 

dimensions because the different phases of a lane change (e.g. like the initial phase) can be 

stretched or contracted when comparing two observations. Distance-based time series 

classification with DTW results in a distance function that avoids these two flaws because it 

can cope with time series of different lengths and equalize distortions in the time dimension 

[Keogh and Ratanamahatana, 2005]. 

Since the approaches of MDTW were extensively discussed in Section 3.2, only a short 

summary is presented here. For classification, the 2-norm is chosen as MDTW approach 

similar to Section 3.2. Equation 3.1 is used as the distance function 𝛿(𝒙𝑖, 𝒚𝑙) (Figure 3.9). 

There are multiple examples in literature that show successful application of DTW in the 

automotive domain. [Zheng and Hansen, 2017] used a k-NN approach based on DTW for lane 

change detection based on the steering angle. DTW is especially useful for coping with 

different executing speeds of lane change maneuvers. [Johnson and Trivedi, 2015] used lateral 

acceleration from the vehicle’s controller area network (CAN) bus for a DTW-based classifier 

for driving style recognition.  

After presenting an overview of the classification process and highlighting the benefits of an 

MDTW-based classification approach, the distance based classifiers that can process the 

MDTW distance are detailed. 
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4.2 Distance Based Classifiers 

Classification can be described as the mapping from an input 𝑿 to a categorical output 𝑦 

[Murphy, 2012]. Since the classical statistical methods are limited because of problems 

described in Section 2.3, the techniques of pattern recognition and machine learning are 

promising. The problem of predicting the subjective perceptions of ADAS can be formulated 

as a time series classification problem [Xing et al., 2009]. The training set 𝑫𝒒 = {𝑿𝒒, 𝑳𝑞} 

consists of q multivariate time series (measurements in a driving test) 𝑿𝒒 = {𝑿𝒊|𝑖 = 1, … , 𝑞} 

with n variables of length t. A set of class labels 𝑳𝑞 (e.g. comfort assessments) is assigned to 

the training set such that each time series 𝑿𝒊 carries a class label 𝐿𝑖 ∈ 𝐿 with the assessment 

of the subjective perception (e.g. comfort). The time series classification problem is 

formulated as a classifier 𝐶 ∶ ℝ𝑡×𝑛 → 𝐿 that learns from 𝑫𝒒 such that for any time series 𝑿∗ 

of objectively measureable variables, 𝐶 predicts the class label (e.g. comfort) of 𝑿∗ by 𝐶(𝑿∗). 

Therefore, a suitable classifier must be developed. However, the main difference between 

most time series classification problems and the problem of objective assessment is that there 

is no definite ground truth in subjective perceptions (L5). Therefore, the subjective perception 

can also be interpreted as noisy data. 

In Section 2.5.4, an overview of similarity-based classifiers was given according to a previous 

review [Chen et al., 2009], and classifiers were divided into k-NN, weighted k-NN, 

similarities as kernel, similarities as features, and SDA. In general, using the similarities as 

features seems to be a promising approach. However, the first experiments on the datasets of 

this work did not show promising results because different patterns in the variables could not 

be correctly extracted. Since more elaborate feature engineering is not the focus of this study 

(L6), this approach is not further considered. Due to the variation of subjective perceptions, 

discrimination between the classes can be highly complicated. [Chen et al., 2009] argues that 

the SDA model of the may not be flexible enough to capture a complicated decision boundary. 

Therefore, it is also not considered in this work. 

The k-NN approach is one of the oldest and most intuitive approaches in machine learning 

and is especially robust to noises [Gao et al., 2016]. Because the variation of subjective 

perceptions can be seen as noise, this approach solves L5. This approach is presented in 

Section 4.3 along with its extension, the weighted k-NN classifier. Another type of similarity-

based classifiers that is especially promising is the use of similarities as kernel. In this study, 

the KDE was chosen as a representative of this class of similarity-based classifiers because it 

is a probabilistic approach to k-NN. KDE is a simple non-parametric density model that does 

not require model fitting [Murphy, 2012]. In contrast to k-NN, the value of k does not have to 

be specified in KDE.  

The following mathematical derivation is mainly taken from a previous study [Bishop, 2006] 

and extended to the use-case of objective assessment. In a probabilistic approach, it is 

assumed that the observations are drawn from an unknown probability density 𝑝(𝑥) in some 

𝐷-dimensional space. The value of 𝑝(𝑥) will be estimated in a small region ℛ that contains 

𝑥 with  

𝑝(𝑥) =
𝐾

𝑁𝑉
 

(4.1) 
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where 𝐾 is the number of points that lie inside ℛ, 𝑁 is the amount of observations in the 

dataset 𝑫𝒒, and 𝑉 is the volume of ℛ. In Equation 4.1, either 𝐾 can be fixed while the value 

of 𝑉 is determined from the data (k-NN classifier) or 𝑉 can be fixed while 𝐾 is determined 

from the data (KDE). [Bishop, 2006] claims that it can be shown that in the limit 𝑁 → ∞, 

both the k-NN approach and the KDE converge to the true probability density. Therefore, k-

NN and KDE can be seen as two sides of one coin. This characteristic is displayed in Figure 

4.2 [Murphy, 2012]. 

 
Figure 4.2: Comparison of k-NN and KDE based on the considered volume. 

The left-hand side of Figure 4.2 shows the classification of k-NN, where volume 𝑉 around 

the new observation 𝑥∗ is unfolding around the 𝑘 = 2 closest observations. Depending on the 

distance of the 𝑘 closest observations, volume 𝑉 varies. The right-hand side of Figure 4.2 

shows the classification based on KDE, where the volume 𝑉 around the new observation 𝑥∗ 

is fixed. Therefore, it does not change with the distance of the 𝑘 closest observations, so the 

number of nearest observations is variable. 

After this general discussion of the concepts of k-NN and KDE, a more detailed description 

of these classifiers is given in Sections 4.3 and 4.4, respectively. 

4.3 Classification with a k-Nearest Neighbor Classifier 

This section presents the k-NN classifier and its extension, the weighted k-NN classifier. The 

k-NN method was first described in the early 1950s and has been widely used in pattern 

recognition. The principle of nearest neighbor classifiers is based on learning by analogy. 

Therefore, they compare a given test tuple with training tuples that are similar to it. The k-NN 

classifier searches the pattern space for the 𝑘 training tuples that are closest to the unknown 

tuple. These are the 𝑘 “nearest neighbors” of this unknown tuple [Han and Kamber, 2012]. 

4.3.1 k-Nearest Neighbor (k-NN) 

To determine the 𝑘 nearest observations, the “closeness” must be defined by a distance metric. 

The volume around the new observation 
is variable, while the amount of nearest 

observations is constant (k=2).
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The most common distance metric is the Euclidean distance [Han and Kamber, 2012]. 

However, in this study, the MDTW distance is used (see Section 2.5). The MDTW distance 

transforms multivariate time series into a 1-dimensional distance space. This distance can be 

used for the k-NN classifier. The general functioning of the k-NN classifier is schematically 

displayed in Figure 4.3, where the solid line shows a 1-NN classifier and the dashed line a 3-

NN classifier. 

 
Figure 4.3: Functioning of the k-NN classifier based on the MDTW distance. 

In Figure 4.3, the observation that needs to be classified is displayed on the left. The k-NN 

classifier considers the k closest observations in the training set that are nearest to the test 

input 𝑿∗, counts the number of members of each class that are in this set, and returns the 

empirical fraction as the estimate [Han and Kamber, 2012]. Following [Murphy, 2012], the 

k-NN classifier can be formally defined as 

𝑝(𝐿∗ = 𝐿𝑖|𝑿∗, 𝑫𝒒, 𝑘) =
1

𝑘
∑ 𝕀(𝐿𝑗 = 𝐿𝑖)

𝑗∈𝑁𝑘(𝑿∗,𝑫𝒒)

 
(4.2) 

where 𝑁𝑘(𝑿∗, 𝑫𝒒) are the indices of the k nearest observations to 𝑿∗ in 𝑫𝒒. The proximity is 

calculated by the MDTW distance function 𝐷𝑇𝑊𝐷(𝑿, 𝒀) (Equation 2.8), i is a certain class 

label (e.g., comfort 𝐿5 = 5), and 𝕀(𝑒) is the indicator function. 𝕀(𝑒) is defined as follows: 

𝕀(𝑒) = {
1 if 𝑒 is true
0 if 𝑒 is false

. (4.3) 

In the case of Figure 4.3, the 1-NN classifier would classify the new observation with comfort 

level 4. In contrast, the 3-NN classifier would classify the new observation with comfort level 

2 because it occurs more frequently and has a probability of 𝑝(𝐿∗ = 2|𝑿∗, 𝑫𝒒, 𝑘 = 3) =
1

3
(0 + 1 + 1) =

2

3
.  

A challenge with the use of the k-NN classifier is the selection of k. A small value of k tends 

to lead to a poor prediction performance because of data sparseness and noisy, ambiguous, or 

mislabeled observations. In contrast, if the value of k is too large, oversmoothing can occur, 

which also reduces the prediction performance [Gou et al., 2012]. Therefore, different values 

for k should be evaluated to obtain the optimal value. 

A major advantage of the MDTW-based k-NN classifier is that the process of classification 

is transparent and easy to understand, even for non-experts in machine learning (R6). This 

MDTW Distance0 187 239

COMFORT=? COMFORT=4 COMFORT=2 COMFORT=2

135
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transparency is exemplified in Figure 4.4, where the black line represents a new observation 

𝑿∗ and the other three lines are the closest observations from the training data set 𝑫𝒒, which 

have been labeled with the respective comfort. Figure 4.4 shows an inlane oscillation of a 

Lane Keeping Assistant that can occur with certain road characteristics. 

 
Figure 4.4: Objective assessment of inlane oscillation as an example of a 3-NN classifier (lateral 

deviation) [Moser et al., 2019]. 

This example clearly shows that DTW can compensate distortions in the time dimension 

because there is a phase shift of the black observation compared with the yellow observation, 

and the algorithm could correctly detect the similarity. However, it is clear that both time 

series show the same phenomena. The DTW algorithm still recognizes the time series’ as 

similar and can consequently compensate this phase shift effectively. Based on these three 

neighbors, the classifier predicts comfort level 4 because the majority (two out of three shown 

in Figure 4.4) of the time series are labeled with this level of comfort. However, one similar 

observation has also been assessed with comfort level 3, which is valuable information for 

the expert. This could be because some drivers are more sensitive to this vehicle behavior 

than others as some drivers assess it to be less comfortable than others. This visual proof is 

helpful for the user because it is transparent when the algorithm does not find a similar 

observation. If this is the case, the new observation 𝒙∗ is too different from the training 

dataset. By this visible dissimilarity, the expert can conclude that the result of the algorithm 

is not trustworthy in this case and the basic data set does not contain sufficient observations. 

This clarifies the high transparency of the proposed method (R6). 

Figure 4.5 shows a multivariate example of the objective assessment of a lane change. In this 

example, comfort prediction is based on the variables of longitudinal acceleration and steering 

angle. This example shows that the MDTW-based k-NN classifier searches for the three most 

similar observations in the training dataset with respect to these two variables. The visual 

similarity between these observations clearly shows that MDTW can sufficiently recognize 

the similarity in the multivariate case. Of course, the weighting of the variables has a 

significant impact on the classification (see Chapter 3). Figure 4.5 demonstrates the advantage 

of the proposed method. Even when multiple variables are considered in the classifier, the 

prediction still remains interpretable. However, due to the curse of high dimensionality, with 

an increasing number of variables, it is also increasingly difficult for the classifier to find 

similar observations in the training data [Murphy, 2012]. Nevertheless, this effect can be 

easily detected by the user with visible dissimilarity.  
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Figure 4.5: Objective assessment of a lane change as a multivariate example of a 3-NN classifier 

(longitudinal acceleration and steering angle) [Moser et al., 2019]. 

The k-NN classifier presented in this section considers all 𝑘 nearest neighbors equally in the 

prediction. However, it can be argued that the closest neighbors shall have a larger impact on 

the prediction than farther neighbors. This concept is realized by the weighted k-NN classifier, 

which is presented in the next section. 

4.3.2 Weighted k-NN 

In the classical k-NN approach, the k nearest neighbors equally influence the prediction, even 

if the similarity (e.g., calculated according to MDTW) is widely different. Therefore, the 

observations within the dataset 𝑫𝒒 that are particularly close to the new observation 𝑿∗ should 

get a higher weight in the decision than the ones that are far away from 𝑿∗ [Hechenbichler 

and Schliep, 2004]. This weighted k-NN classifier was proposed by [Hechenbichler and 

Schliep, 2004]. To emphasize the closer observations, the distances are used as weights. 

Similar to the k-NN approach, the k nearest neighbors to 𝑿∗ must be determined using a 

distance metric 𝐷(𝑿, 𝒀). However, the (𝑘 + 1)-th neighbor is used for the standardization of 

the k smallest distances according to  

𝐷𝑠𝑡𝑑(𝑿, 𝒀) =
𝐷(𝑿, 𝒀)

𝐷(𝑿, 𝒀𝒌+𝟏)
. 

(4.4) 

Equation 4.4 transforms the distances 𝐷(𝑿, 𝒀) into normalized distances 𝐷𝑠𝑡𝑑(𝑿, 𝒀) in the 

range of 0 and 1. Next, the normalized distances 𝐷𝑠𝑡𝑑(𝑿, 𝒀) are transformed with a kernel 

function 𝐾(∙) into the weights 𝑤 = 𝐾(𝐷𝑠𝑡𝑑(𝑿, 𝒀)). Various kernel functions have been 

previously proposed [Hechenbichler and Schliep, 2004]. In this work the inversion kernel 

with  

𝐾(∙) =
1

|𝐷𝑠𝑡𝑑(𝑿, 𝒀)|
 

(4.5) 

is chosen because of its simplicity and easy interpretability. In the weighted k-NN the 

classification (see Equation 4.2 for the classical k-NN approach) is executed according to 
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𝐿∗ = max
𝐿𝑖

( ∑ 𝑤𝑗𝕀(𝐿𝑗 = 𝐿𝑖)

𝑗∈𝑁𝑘(𝑿∗,𝑫𝒒)

) 

(4.6) 

where the new label 𝐿∗ is determined as the label 𝐿𝑖 with the maximum cumulated weights 

𝑤𝑗. An advantage of this method is that up to a certain degree, it is not dependent on the choice 

of k. Therefore, if k is too large, far neighbors are automatically adjusted to a lower value by 

the weights [Hechenbichler and Schliep, 2004]. Although the approach of weighting close 

neighbors more heavily seems promising, [Gou et al., 2012] argue that the number of 

available samples in real applications is usually too small to obtain a significantly better 

classification accuracy than the classical k-NN approach. However, Section 5.4.2 shows that 

the weighted k-NN classifier can indeed improve the prediction performance of the regular k-

NN classifier. As the KDE classification can be seen as the other side of the coin of k-NN, it 

is presented in the next section. 

4.4 Classification with a Kernel Density Estimation Classifier 

As mentioned in Section 4.3, the confidence of the prediction of the k-NN classifier can vary 

depending on the familiarity with the scenario. This confidence depends highly on the 

calculated MDTW distance. In some cases, a visual confidence might not be enough, and the 

user might want to quantify this confidence in terms of probabilities 𝑝(𝐿∗ = 𝐿𝑖|𝑿∗) for every 

class 𝐿𝑖. Furthermore, these probabilities are useful for the prediction of the class with the 

highest probability, according to [Ghosh et al., 2006], with 

𝐶(𝑿∗) =  argmax
𝐿𝑖

𝑝(𝐿∗ = 𝐿𝑖|𝑿∗, 𝑫𝑞) (4.7) 

This process of probabilistic distance-based classification is displayed in Figure 4.6. 

 
Figure 4.6: Process of a probabilistic distance based classification. 

Similar to the k-NN approach in Section 4.3, distance is calculated with MDTW. Based on 

the distance calculation, the probability for every class 𝐿𝑖 is estimated with KDE, and the 

DISTANCE 

CALCULATION

(e.g. MDTW)

PROBABILITY BASED

CLASSIFICATION

(e.g. Kernel Density

Estimation)

PREDICTION

PERFORMANCE

(e.g. accuracy)

Step 1: Step 2: Step 3:

60%

5%

35%

Comfort=1 Comfort=2 Comfort=3



60 4 Classification: Predicting Driving Comfort of ADAS 

 

 

class with the highest probability is chosen to predict comfort. Finally, the prediction 

performance is measured. This probability can give an estimation about the confidence of the 

classifier.  

As stated in Section 4.2, the probability 𝑝(𝐿∗ = 𝐿𝑖|𝑿∗, 𝑫𝑞) results from an unknown 

probability distribution, which can be calculated with the Bayes Theorem [Bishop, 2006]: 

𝑝(𝐿∗ = 𝐿𝑖|𝑿∗, 𝑫𝑞) =
𝑝(𝑿∗|𝐿∗ = 𝐿𝑖, 𝑫𝑞)𝑝(𝐿𝑖|𝑫

𝑞)

𝑝(𝑿∗|𝑫𝑞)
. 

(4.8) 

In Equation 4.8, 𝑝(𝐿𝑖, 𝑫𝒒) is defined by the number of observations 𝑚𝑖 = |{𝐿𝑞 = 𝐿𝑖}| with 

label 𝐿𝑖 divided by the total number of observations q. 

𝑝(𝐿𝑖|, 𝑫𝒒) =
|{𝐿𝑞 = 𝐿𝑖}|

𝑞
 

(4.9) 

However, 𝑝(𝑿∗|𝐿∗ = 𝐿𝑖 , 𝑫𝑞) and 𝑝(𝑿∗|𝑫𝑞) cannot be calculated directly because the 

probability distribution 𝑝(𝑿|𝑫𝑞) over 𝑿 is unknown. KDE is a well-known method for 

constructing nonparametric estimates of population densities and can therefore be used to 

estimate 𝑝(𝑿∗|𝐿∗ = 𝐿𝑖, 𝑫𝑞) and 𝑝(𝑿∗|𝑫𝑞) [Ghosh et al., 2006]. For the observations 

𝑿1, … , 𝑿𝑛, the kernel density estimation 𝑝(𝑿) of a small hypercube of side h is defined as 

𝑝(𝑿) =
1

𝑁
∑

1

ℎ𝐷
𝑘

𝑁

𝑛=1

(
𝑿 − 𝑿𝑛

ℎ
) 

(4.10) 

where 𝑘(𝒖) is the kernel function, and 𝑉 = ℎ𝐷is the volume of this hypercube (compare 

Equation 4.1) [Bishop, 2006; Ghosh et al., 2006]. The most prominent kernel function is the 

Gaussian kernel, which will also be used in this study [Bishop, 2006]. Using a Gaussian 

kernel, Equation 4.10 takes the following form: 

𝑝(𝑿) =
1

𝑁
∑

1

(2𝜋ℎ2)
1
2

𝑒𝑥𝑝

𝑁

𝑛=1

{−
||𝑿 − 𝑿𝑛||

2

2ℎ2
}. 

(4.11) 

In KDE with a Gaussian kernel (Equation 4.11), h represents the standard deviation of the 

Gaussian components and acts like a smoothing parameter of the density estimation 𝑝(𝑥), 

which is also known as the bandwidth [Bishop, 2006]. A common possibility to choose h is 

cross-validation through estimation of the integrated squared error [Bowman and Azzalini, 

1997]. The pairwise distance 𝑿 − 𝑿𝑛 can be calculated with the MDTW distance:  

𝑿 − 𝑿𝑛 = 𝑀𝐷𝑇𝑊(𝑿, 𝑿𝒏). (4.12) 

With the use of the KDE (Equation 4.11) and the MDTW distance (Equation 4.12), the 

probability distributions 𝑝(𝑿∗|𝐿∗ = 𝐿𝑖 , 𝑫𝑞) and 𝑝(𝑿∗|𝑫𝑞) over q observations can be 

estimated as follows: 

𝑝(𝑿∗|𝑫𝑞) =
1

𝑞
∑

1

(2𝜋ℎ2)
1
2

𝑒𝑥𝑝

𝑞

𝑗=1

{−
𝑀𝐷𝑇𝑊(𝑿∗, 𝑿𝒋)

2ℎ2
} 

(4.13) 
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𝑝(𝑿∗|𝐿∗ = 𝐿𝑖 , 𝑫𝑞) =
1

𝑚𝑖
∑

1

(2𝜋ℎ2)
1
2

𝑒𝑥𝑝

𝑚𝑖

𝑗=1

{−
𝑀𝐷𝑇𝑊(𝑿∗, 𝑿𝒋)

2ℎ2
} 

(4.14) 

In other words, Equation 4.13 describes the probability of an allocation at the position 𝑿 = 𝑿∗ 

in the dataset. In addition, Equation 4.14 describes the probability of a specific label 𝐿𝑖 (e.g. 

comfort level) at the position 𝑿 = 𝑿∗ in the dataset. Combining Equations 4.13 and 4.14 with 

Equation 4.8, 𝑝(𝐿∗ = 𝐿𝑖|𝑿∗, 𝑫𝑞) can be calculated for every label 𝐿𝑖. 𝑝(𝐿∗ = 𝐿𝑖|𝑿∗, 𝑫𝑞) is 

the probability of 𝑿∗ having a certain label 𝐿∗ = 𝐿𝑖, or in other words, is the probability of a 

certain scenario to be assessed with a specific comfort level. When this probability is 

calculated for every 𝐿𝑖, the classifier chooses the label with the highest probability according 

to Equation 4.7 for its prediction, as displayed in Figure 4.7. 

 
Figure 4.7: Estimation of the density function (left) and comparison of different functions (right) 

[Murphy, 2012]. 

The left-hand side of Figure 4.7 displays the estimation of the density function based on the 

observations of the training dataset. Gaussian kernels around every observation (of a specific 

level of subjective perception) of this dataset result in the probability function, which can be 

calculated for every level of subjective perception. The right-hand side of Figure 4.7 shows 

the probability functions of different subjective perceptions (e.g. comfort levels). These 

functions can be evaluated at specific points. At 𝑿 = 𝑿∗, 𝑝(𝑿 = 𝑿∗|𝑳 = 𝑳1) has the highest 

probability in comparison with the functions of the other levels of comfort. As a result, the 

classifier will choose 𝑳1 as the predicted class. 

A major advantage of the prediction with a KDE-based classifier is that no value of k must be 

defined. It could be because the concept of the weighted k-NN is extended further with the 

concept of KDE-based classification. This is because the probability estimate favors closer 

observations in the classification process, while observations far away have almost no impact 

on the classification. However, the probabilistic approach has a limitation. The quality of the 

probability function is highly dependent on the number of observations. For example, if a 

certain level of comfort only appears rarely, the confidence of the probability function is low, 

which could lead to a poor prediction performance. This aspect is further discussed in Chapter 

5. 

After the distance-based classification methods, k-NN and KDE, have been presented in 

Sections 4.3 and 4.4, in Section 4.5 their prediction performance is evaluated. 

x x x x
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4.5 Evaluation of Prediction Performance 

To compare the performance of different classifiers, the choice of a suitable metric is 

essential. A metric should be easy to interpret and, should reflect the overall performance as 

well as the performance at corner cases. 

Adjusted Accuracy 

To assess the overall performance, classification accuracy has been proposed which is also 

widely used in literature [Xing et al., 2010]. However, the subjective perception of vehicular 

behavior always varies (L5). As a result, there is no exact ground truth and it is unlikely for a 

classifier to predict exactly the same subjective perception as the study subject. However, a 

classifier can be particularly useful if it predicts a similar tendency as the study subject. To 

favor these classifiers, it is necessary to allow a small offset of +1 or -1 in the accuracy. For 

performance evaluation of the classifiers, a validation set �̂�𝒑 = {�̂�𝒑, �̂�𝑝} with �̂�𝒑 = {�̂�𝒋|𝑗 =

1, … , 𝑝} is used, where each time series �̂�𝒋 carries a class label �̂�𝑗 ∈ 𝐿 that was given by a 

study subject. The adjusted prediction accuracy 𝐴𝑐𝑐𝑎𝑑 is defined as the percentage of class 

labels generated by the classifier 𝐶 that match the class labels of the validation set �̂�𝒑 and the 

labels that are +1 or -1 next to the real class labels: 

𝐴𝑐𝑐𝑎𝑑 (𝐶, �̂�𝒑 ) =   
|{𝐶(�̂�𝒋) = �̂�𝒋}| + |{𝐶(�̂�𝒋) = �̂�𝒋 + 1}| + |{𝐶(�̂�𝒋) = �̂�𝒋 − 1}|

𝑝
. 

(4.15) 

In the objective assessment of ADAS, the class labels generated by the classifier 𝐶 are the 

subjective assessments (e.g. comfort) predicted by the classifier. The adjusted prediction 

accuracy 𝐴𝑐𝑐𝑎𝑑 assesses the overall performance of a classifier and serves as a rough 

orientation. Unfortunately, even the adjusted prediction accuracy has two major flaws. First, 

when dealing with highly imbalanced classes (e.g., a large proportion of high comfort levels 

versus a small proportion of low comfort levels), a classifier that exclusively predicts the 

majority class will show a high value of 𝐴𝑐𝑐𝑎𝑑 , even if there is no real information [Tang et 

al., 2009]. Second, the height of deviation from the real class is not assessed in 𝐴𝑐𝑐𝑎𝑑. As a 

result, small deviations are punished similar to high deviations. As an example, in a comfort 

assessment from 1 (low comfort) to 7 (high comfort), if the real class is 1 and the predicted 

class is 3, it will be equally punished as if the predicted class were 7, which would be a much 

worse prediction. As a result, an additional measure must be used to assess the performance 

of the classifiers.  

𝑳𝑴
𝟏  

The 𝐿1 measure is a common evaluation measure for ordinal classification [Cardoso and 

SOUSA, 2011]. It is also known as loss function or mean absolute error and is defined as 

𝐿1 =
1

𝑝
∑ |�̂�𝒋 − 𝐶(�̂�𝒋)|

𝑝

𝑗=1
. 

(4.16) 

The 𝐿1 measure calculates the average deviation of the correct class [Janocha and Czarnecki, 

2017]. Therefore, a high deviation from the correct class is punished more severely than a 

small deviation. However, the problem with the high imbalance of classes still exists. 

Therefore, macro averaging is applied to the 𝐿1 measure  according to [Sun and Lim, 2001]. 
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The result is the macro averaged 𝐿𝑀
1  measure with 

𝐿𝑀
1 =

1

𝐿
∑ [

1

𝑝𝑙
∑ |�̂�𝑝𝑙,𝑖 − 𝐶(�̂�𝑝𝑙,𝑖)|

𝑝𝑙

𝑖=1
]

𝐿

𝑙=1
, 

(4.17) 

where �̂�𝑝𝑙,𝑖 is the actual class and 𝐶(�̂�𝑝𝑙,𝑖) is the predicted class. In the 𝐿𝑀
1  measure, every 

class has equal influence on the performance independent of the number of observations. An 

interpretation of the 𝐿𝑀
1  measure is: if the classes were equally balanced, the result of the 𝐿𝑀

1  

measure would be the average deviation from the correct class.  

Ordinal Classification Index 

[Cardoso and SOUSA, 2011] argue that the confusion matrix, which is a table with the true 

and the predicted classes, is the optimal basis for measuring prediction performance that 

captures how much the result diverges from the ideal prediction and how inconsistent the 

classifier is with respect to the relative order of the instances.  

 
Figure 4.8: Comparison of two consistent paths over the confusion matrix [Cardoso and SOUSA, 2011]. 

Figure 4.8 shows the confusion matrix. Classical measures like the 𝐿1 measure calculate the 

deviation from the diagonal of the matrix. In Figure 4.8, two consistent paths are displayed 

that are used for the ordinal classification index 𝑂𝐶𝛽 [Cardoso and SOUSA, 2011]. This index 

allows small deviations as long as they are consistent with regards to the continuity of the 

path. 𝑂𝐶𝛽 is generally defined as 

𝑂𝐶𝛽 = min {(1 −
1

𝑁
(𝑏𝑒𝑛𝑒𝑓𝑖𝑡(𝑝𝑎𝑡ℎ)) + 𝛽(𝑝𝑒𝑛𝑎𝑙𝑡𝑦(𝑝𝑎𝑡ℎ)))} 

(4.18) 

where 𝑁 is the number of observations. In Equation 4.18, 𝛽 controls the tradeoff between the 

relevance of the path consistency and the divergence from the ideal prediction, where high 

values of 𝛽 favor absolute classification. Therefore, 𝑂𝐶𝛽 penalizes the deviation of the path 

from the main diagonal of the confusion matrix and rewards its continuity. 

In this study, 𝑂𝐶𝛽
𝛾
 with the following benefit and penalty function is used and is defined as 

𝑂𝐶𝛽
𝛾

= min {1 −
∑ 𝑛𝑟,𝑐(𝑟,𝑐)∈𝑝𝑎𝑡ℎ

𝑁 + (∑ 𝑛𝑟,𝑐|𝑟 − 𝑐|𝛾
∀(𝑟,𝑐) )

1
𝛾⁄

+ 𝛽 ∑ 𝑛𝑟,𝑐|𝑟 − 𝑐|𝛾

(𝑟,𝑐)∈𝑝𝑎𝑡ℎ

} 

(4.19) 

where 𝑛𝑟,𝑐 represents the number of observations from class 𝑟, predicted to be from class 𝑐 

(see confusion matrix) and 𝛾 is chosen as the penalty of the error. In this study, 𝛾 = 1 and   

Predicted classes

Actual classes

2 1 0 0

2 3 0 0

1 2 1 0

0 1 2 1
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𝛽 =
0.75

𝑁(𝐿 − 1)𝛾
 

(4.20) 

according to [Cardoso and SOUSA, 2011], where 𝐿 is the number of classes.  

𝑂𝐶𝛽
𝛾
 is always in the range of 0 and 1, where a lower value represents higher performance. 

Assessing path consistency and divergence from the ideal prediction shows that this measure 

guarantees fair comparison among competing systems. 

A high performing classifier would have a high 𝐴𝑐𝑐𝑎𝑑  in combination with a low 𝐿𝑀
1  and a 

low 𝑂𝐶𝛽
𝛾
. 

4.6 Potential of Active Learning 

The performance of distance-based classifiers is highly dependent on the underlying training 

dataset. As stated in R7, ADAS are being further developed up to HAD, which continuously 

extends the number of possible scenarios. Therefore, an adaptation of the classifier to the new 

scenarios is essential, which makes the continuous extension of the training dataset desirable. 

One approach could be to learn every new observation that is classified. However, both the 

k-NN classifier and the KDE classifier require the entire training dataset to be stored, leading 

to expensive computation if the dataset is large [Bishop, 2006]. Therefore, it is also desirable 

not to enlarge the training dataset with observations that only contain a small amount of 

information, meaning that when similar observations are already present in the dataset. 

Consequently, the aim is to learn the classifier in a smart way, which is known as active 

learning. [Zhang et al., 2013] proposed a procedure for active learning by label uncertainty 

for acoustic emotion recognition, which seems to be promising for objective assessment in 

ADAS. The main problem of this procedure is dealing with is the missing ground truth for 

speech phenomena such as emotions. This is also the issue with objective assessment in 

ADAS. Instances of active learning are selected by either of the two following methods 

[Zhang et al., 2013]: 

1) Based on class sparseness. As described in earlier chapters, in real traffic, poor 

ratings of comfort are rare. Therefore, if a lane change is assessed with bad comfort, 

it should always be learned by the classifier.  

2) Based on confidence value. There could be a deviation of the predicted comfort from 

the actual comfort. If, for example, the 3 nearest neighbors are comfort level 5, the 

prediction will be 5. If the actual class is also 5, the confidence is high, so the instance 

does not have to be learned. 

Another possibility is to define a learning threshold that defines which observations should 

be learned [Cohn et al., 1994]. An optimal dataset would have a high coverage of observations 

from the majority of variations of a specific scenario (e.g. lane change). This means that the 

average distance 𝑀𝐷𝑇𝑊 of every observation 𝑿𝒊 to its closest observation 𝑿𝑑,𝑚𝑖𝑛 will be 

minimized: 
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min
𝑞

𝑀𝐷𝑇𝑊 = min
𝑞

(
∑ 𝑀𝐷𝑇𝑊(𝑿𝒊, 𝑿𝑑,𝑚𝑖𝑛)𝑞

𝑖=1

𝑞
). 

(4.21) 

The average distance 𝑀𝐷𝑇𝑊 can be used as a learning threshold to decide which observations 

should be learned. If the distance 𝑀𝐷𝑇𝑊(𝑿∗, 𝑿𝑑,𝑚𝑖𝑛) of a new observation 𝑿∗ to its closest 

observation 𝑿𝑑,𝑚𝑖𝑛 is higher than 𝑀𝐷𝑇𝑊, it should be learned to minimize 𝑀𝐷𝑇𝑊 in the 

long term. Obviously, this new observation 𝑿∗ contains the time series of a variation of a 

scenario that is very different from the existing observations in the dataset. This effect is 

displayed in Figure 4.9 on the left, where the distance 𝑀𝐷𝑇𝑊(𝑿∗, 𝑿𝑑,𝑚𝑖𝑛) is much higher 

than 𝑀𝐷𝑇𝑊. The right-hand side of Figure 4.9 shows the development of 𝑀𝐷𝑇𝑊 during the 

learning of new observations. The effect that has been described earlier is shown by a sudden 

increase of 𝑀𝐷𝑇𝑊 (marked in Figure 4.9 on the right side). Therefore, a new variation of the 

scenario has been detected that has not been sufficiently represented in the training data yet. 

The decrease in 𝑀𝐷𝑇𝑊 can be seen as the progress in the coverage of the dataset. If 𝑀𝐷𝑇𝑊 

does not show a sudden increase over a large number of new observations, the dataset is large 

enough to recognize the most frequent scenarios. 

 
Figure 4.9: The detection of a new variant (left) and the development of 𝑴𝑫𝑻𝑾 over the number of 

learned observations (right). 

However, this procedure should be performed with care. If a dataset is homogeneously 

generated on a test track, the development of 𝑀𝐷𝑇𝑊 will indicate high coverage. However, 

this can change when the classifier is tested in real traffic. Therefore, only a small 𝑀𝐷𝑇𝑊 in 

real traffic over a large number of observations (e.g., ~5000) is a valid indicator for the 

coverage of the dataset. The coverage can be calculated as follows: 

𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 = 1 −
𝑀𝐷𝑇𝑊

𝑀𝐷𝑇𝑊𝑚𝑎𝑥

. 
(4.22) 

After the potential of active learning was analyzed in this section, in Section 4.7 the practical 

application of the methodology is presented. 
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4.7 Practical Application in a Graphical User Interface 

To assess the methodology online in a vehicle, a GUI in MATLAB was developed, called 

next objective assessment (NOA). NOA takes the vehicle data and predicts the comfort of a 

maneuver, which is explained as follows. 

NOA needs the vehicle data to predict the subjective perception. These vehicle data must be 

accessed. In this study, the software CANape from Vector is used which can choose and log 

the necessary variables. A trigger is used to record the last 10 seconds of the measurement. 

Therefore, after a driving maneuver like a lane change has been conducted, the trigger can be 

pulled, and the last 10 seconds are saved in a measurement data format (MDF) file. With a 

CANape script, this MDF file is automatically converted into a MATLAB data (MAT) file. 

This MAT file is automatically detected by the NOA preprocessor, which is necessary to cut 

the time series to the actual length of the maneuver and to enter the human assessment of 

comfort to compare it to the prediction afterwards. This GUI is displayed in Figure 4.10. 

 
Figure 4.10: Graphical user interface of the NOA preprocessor. 

Figure 4.10 shows the preprocessor for a lane change scenario. In step 1, the beginning of the 

lane change must be chosen according to the panel. In step 2, the respective time step is 

inserted. In step 3, the comfort is assessed by the driver to compare it with the prediction 

afterwards. In addition, a comment can be inserted in the field below. A click on the button 

in step 4 cuts the lane change to its actual length, starts the NOA classifier and delivers all 

necessary variables. 

The NOA classifier is displayed in Figure 4.11, which shows the assessment of a lane change 

that was conducted with a Lane-Change Assistant. The time series of the new lane change 

with the variables of longitudinal acceleration, lateral acceleration, and velocity is displayed 

in black. The three nearest neighbors are plotted in the same figures in the color of their 

respective comfort levels (6,7,7). The visible similarity of the different lane changes in all 
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variables is high. 

 
Figure 4.11: Graphical user interface of the NOA classifier. 

The weighting of the variables can be adjusted with the sliders on top of the plots. In addition, 

the new nearest neighbors can be plotted by clicking on “Akt.“. In the command center, the 

predictions of the k-NN classifier and the KDE classifier are shown in their respective boxes. 

If a subjective assessment was inserted, it is also shown in the command center in 

“Subjektivbew.”. This allows a comparison of the predictions with the actual comfort 

perception of the driver. The value of k can be varied in the box of the k-NN classifier. If a 

subjective perception has been entered, this observation can be learned by clicking on “Active 

Learning”.  

This process can be conducted for different datasets and consequently can be applied for 

different driving functions. So far, a dataset for Adaptive Cruise Control, Lane Keeping 

Assistant, and the Lane Change Assistant is available in NOA. 

After the methodology of predicting driving comfort of ADAS was introduced in this chapter 

and the practical application of this methodology was described, in Chapter 5 this 

methodology is validated. 
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5 Validation of the Methodology 

This chapter describes the validation of the methodology that was presented in Chapters 3 and 

4. To demonstrate the wide applicability of the methodology, the three use cases Adaptive 

Cruise Control (ACC), Lane Keeping Assistant (LKA) and Lane Change Assistant (LCA) 

were chosen.  

The first step is to determine the most influential variables of the use cases using the basic 

data set. Different datasets for these three use cases are compared. The performance on the 

basic data set shows the performance of the classifiers on the data of the original experiment. 

This performance measures if the classifiers can extract the information of training data to 

correctly classify a previously known dataset. This is a measure to assess the data quality on 

which the classifier was trained. For LKA and LCA, an expert study was conducted to provide 

a first estimate about the performance on an unknown dataset. To assess the generalizability 

of the classifier to variations of the use case, the performance was also evaluated using a 

validation study. This validation study is used to test how well the classifiers perform in 

changing environment conditions. 

Section 5.1 summarizes the studies that were used as basic data sets and shortly describes the 

expert study. In Section 5.2, the validation study is explained. It was accompanied by a 

master’s thesis and has been previously published [Hottmann, 2019]. The focus of the 

master’s thesis was primarily on the conduct of the experiments, where the focus of this thesis 

is on the theoretical work behind it. In Section 5.3, the basic data set is used to determine the 

most influential variables according to the methodology in Chapter 3. In Section 5.4, the 

prediction performance classifiers on the basic data set, the expert study and the validation 

study is compared. 

5.1 Description of the Basic data set and Expert Study 

As shown in Chapters 4 and 5, the quality of the basic data set is a decisive factor for the 

prediction performance. In this study, existing basic data sets that have been created in 

extensive studies were used. The labeling of driving maneuvers with a comfort assessment is 

very costly when it is done under realistic conditions in real traffic because maneuvers such 

as lane changes do not occur as often as one would expect. In addition, a limiting factor is the 

mental receptiveness of the study subjects. The subject must concentrate during the driving 

maneuver and assess the feelings occurring. This can be a demanding task, and when the 

number of scenarios is too high, the subject may become stressed and the results may be of 

low quality. 

For the dataset of the Lane Keeping Assistant (LKA), the data of the study of [Jungwirth, 

2017] was used, where the impact of frequency and amplitude of an oscillation of the LKA 

on comfort was examined. This study was conducted on a test track with 21 study subjects. 

Different frequencies and amplitudes of oscillation were presented to the study subjects on a 

straight route (see Figure 5.1 left-hand side). Next, their comfort assessment was documented 

based on a scale of 1 to 26. The data of this study contain 394 observations. Originally, these 
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observations had a length of approximately 120 seconds with a stationary oscillation, which 

is a rather synthetic vehicle behavior. In contrast to the closed test track, in real traffic, only 

fragments of this oscillation occur. To deal with this challenge, the 394 observations were cut 

into smaller pieces, containing 10 seconds of data. This resulted in a total of 2213 observations 

in the basic data set. To achieve comparability of the three basic data sets, the comfort scale 

was transformed to a scale from 1 to 7 (which were the major comfort levels), which is 

displayed in Table 5.1. 

 
Table 5.1: The comfort scale that is used in this work. 

1 2 3 4 5 6 7 

Almost 

crash 

Strong 

irritation 

Irritation Strong 

dissatisfaction 

Slight 

dissatisfaction 

Satisfaction Great 

satisfaction 

For the dataset of the Lane Change Assistant (LCA), the data of the study of [Kräml, 2017] 

was used, where the lane change behavior of study subjects was examined. This study was 

conducted on a highway near Munich in real traffic, where all lane changes were manually 

performed. In this study, the subjects performed a lane change when possible (see Figure 5.1, 

right-hand side). After the lane change was completed, the last 20 seconds were triggered 

manually by the study director. Immediately, the subjects were asked to assess comfort 

according to Table 5.1 on a scale of 1 to 7. In this study, 23 subjects performed 423 lane 

changes. 

 
Figure 5.1: Depiction of an in-lane oscillation of the lane keeping assistant (left) and a lane change 

conducted by the lane change assistant (right), (car models [Freepik, 2019]). 

For the dataset of the Adaptive Cruise Control (ACC), the data of a study of AVL that was 

conducted for BMW was used. In this study, the comfort perception of three ACC scenarios 

on a test track was analyzed. The first scenario was the cut-in of the front vehicle, the second 

one was a cut-out of the front vehicle, and the third one was the approach to a front vehicle 

(see Figure 5.2). Different variants of these maneuvers were presented to the 27 study 

LANE CHANGEIN-LANE OSCILLATION
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subjects, leading to a total of 355 observations. This study was also conducted on a scale of 1 

to 26 and was also transformed to a scale of 1 to 7. 

To obtain the first glance of the performance of the classifiers, an expert study was conducted 

that was already previously published [Moser and Schramm, 2018; Moser et al., 2019]. In this 

small study, the prediction of the comfort of LKA and LCA was compared with the human 

comfort perception. In the first part, 3 experts assessed 241 LKA scenarios. In the second part, 

6 experts assessed 189 lane changes. All scenarios were in real traffic and were conducted 

similarly to the previously described studies. 

 
Figure 5.2: Depiction of the three adaptive cruise control scenarios "approach", "cut-out", and "cut-in" 

(car models by [Freepik, 2019]). 

The results of the expert study were found to be promising, and a larger study was conducted 

to validate the methodology, which is presented in Section 5.2. 

5.2 Description of the Validation Study 

This section presents the validation study that has been previously published [Hottmann, 

2019] and is summarized here to provide an overview of the validation study. 

In Section 1.4, the aim of an objective assessment of ADAS was explained. As a summary, it 

is to compare the ADAS of two vehicles not only subjectively but also objectivelly. However, 

to create a trustworthy statement about the comfort of the ADAS, the prediction models must 

be valid. Therefore, a validation study must prove that the prediction has a high overlap with 

human perception. Otherwise, such an objective comparison could be misleading and would 

not support the ADAS development engineer. Thus, the main goal of the validation study was 

to assess the prediction performance of the classifiers with respect to human perception. 

However, there are several challenges. As described in Section 5.1, some of the datasets were 

produced on a test track. Therefore, if this data can be successfully transferred to scenarios in 

real traffic is unclear. A further challenge is that scenarios like the lane changes in a pervious 

CUT-INCUT-OUTAPPROACH
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study [Kräml, 2017] were conducted manually, although the focus is on automated driving. 

Therefore, whether the study subjects assess their own driving behavior similar to the driving 

behavior of LCA is unclear. To estimate the influences of these two challenges, the prediction 

performance of the validation study that is conducted in real traffic can quantify these effects. 

The validation study shall provide the final solution to the problem of classifiers to be 

successfully transferred to the context of the objective assessment of ADAS in real traffic. 

The technical conditions are explained in the following section along with the subject pool. 

The vehicle that was used in this study was a BMW 7 series with the ADAS functions ACC, 

LKA and LCA. The relevant variables like the accelerations in the longitudinal or lateral 

direction could be recorded from the vehicle bus. A Vector VX1132 collected the data from 

the Ethernet-Bus, while the Vector VN7600 collected the data from the FlexRay-Bus. A 

configuration in the Vector Software CANape was used to record the data based on defined 

triggers that recorded time periods like the last 10 seconds of data. These triggers are pulled 

after a scenario such as a lane change was conducted. Then, the study director asked the study 

subject to rate comfort. A representative group of subjects can provide results that stand for 

the entire group of customers. In similar studies, 20-30 study subjects conducted the test drive 

[Wegscheider, 2009; Jungwirth, 2017; Kräml, 2017]. To have a more solid basis, 37 drivers 

participated in the validation study. The average age of the study subjects was 34.5 years, 

where the youngest subject was 20 years old and the oldest one was 62. The pool of subjects 

consisted of 73% male and 27% female drivers. 

The test drive is described in this section. The test drive started with a thorough introduction, 

where the ADAS were explained and the study procedure was clarified. This included the 

assessment procedure with the comfort scale (Table 5.1) and an explanation of the different 

driving maneuvers. The driving route started with a 4𝑘𝑚 section that led to the highway. In 

this first section, the drivers could get accustomed to the vehicle. The first 11𝑘𝑚 on the 

highway could be used to test the different assistance systems and get accustomed to their 

use. The recommended speed on the highway was 130𝑘𝑚/ℎ, if not restricted otherwise. The 

ACC, LKA, and LCA systems were active during the entire test drive to enable automated 

driving. The first section after the accommodation phase was used to assess LKA, which 

lasted about 29𝑘𝑚. In this section, the study director told the subject to assess the next 10 

seconds of LKA behavior with respect to comfort. Further, it was also possible to assess 

negative events. This comfort was assessed according to Table 5.1. The behavior of the LKA 

is displayed in Figure 5.1 on the left-hand side. This section contained about 15 observations 

per subject. 

This was followed by the assessment of the LCA (Figure 5.1, right-hand side). The lane 

changes should be as realistic as possible. Therefore, the study subjects could decide when to 

do a lane change. After the lane change was conducted, the trigger was pulled by the study 

director. Since the time of a lane change can vary, the data was cut by the study director to 

the relevant part. Similar to the assessment of the LKA, the comfort scale of Table 5.1 was 

used to assess the comfort of the LCA. This section was about 29𝑘𝑚 long and contained 

about 15 scenarios per subject. 

ACC assessment was the last part of the study. In this section, the three scenarios “approach”, 

“cut-out”, and “cut-in” (Figure 5.2) were assessed. In the first scenario, “approach“, the 
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approaching behavior of the ego vehicle is assessed when the ego vehicle approaches a new 

car. In the “cut-out” scenario, the target vehicle in front of the ego vehicle changes the lane. 

In the “cut-in” scenario, a new vehicle merges into the lane of the ego vehicle. Whenever one 

of these scenarios occurred, the study director pulled the trigger and asked the study subject 

to assess the comfort according to Table 5.1. Similar to the LCA section, the data was cut to 

the relevant part by the study director. The ACC section lasted about 38𝑘𝑚 and contained 

about 6 scenarios per subject because the ACC scenarios are much rarer than scenarios such 

as lane changes. After ACC assessment, the test drive was completed and the study subjects 

returned to the starting point. In total, the validation study comprised 545 LKA observations, 

547 LCA observations, and 251 ACC observations. 

The validation study was described in this section. In the following section, the process of 

determining the most influential variables from the basic data set of Section 5.1 is 

exemplified. 

5.3 Determining the Most Influential Variables 

The first step of the methodology proposed in this study is to determine the most influential 

variables according to Chapter 3. This step is essential to learn about the structure of the data 

and to build a high performing classifier. In this section, the 2-Norm according to Equation 

3.1 is used for the MDTW distance calculation for hierarchical clustering (Section 3.3). At 

first, a possible set of variables for each use case is chosen by experts in the field of ADAS to 

focus on the scope of the experiments. Based on this estimation, the methodology is used to 

determine the relative importance of these variables. However, to conduct clustering, at first, 

the optimal number of clusters must be determined. To do so, the process shown in Figure 

3.14 is used. Next, the purity (Equation 3.6) is taken as an optimization criterion for the 

weighting 𝑐𝑗 of the variables. This process is displayed in the following sections for the use 

cases of LKA, LCA, and ACC. 

5.3.1 Lane Keeping Assistant (LKA) 

As per experts, the behavior of the LKA is mainly dependent on the position of the car in the 

lane [Dominiak, 2014; Jungwirth, 2017]. Since the frequency and amplitude of the lateral 

deviation was varied in the study taken as a basic data set, this seems appropriate [Jungwirth, 

2017].  

A clustering based on the lateral deviation is displayed in Figure 5.3. It shows that the 

elements within the respective clusters are of high similarity. Therefore, the DTW algorithm 

could correctly detect different patterns. Cluster 16 seems to represent a more comfortable 

lateral deviation than Cluster 13. In addition, the predictive performance based on this 

variable is high (see Section 5.4). Therefore, the process of determining the most influential 

variables was not applied for the LKA use case. 
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Figure 5.3: Clusters of the lateral deviation. 

5.3.2 Lane Change Assistant (LCA) 

A lane change is a rather complex maneuver, where many variables could potentially impact 

comfort perception. As per expert interviews, the most promising variables are longitudinal 

acceleration, lateral acceleration, velocity, and steering angle. These variables are used for the 

process that was displayed in Chapter 3. In the first step, the optimal number of clusters must 

be determined by the elbow criterion, following the process shown in Figure 3.14. All 

variables were normalized with “divide by max” (Equation 3.3) to maintain the difference 

between positive and negative accelerations. In feature scaling, where all variables are scaled 

to the range of 0 and 1, it would not be clear where the difference between negative and 

positive accelerations is.  

 
Figure 5.4: The elbow criterion for the lane change assistant based on the variables, longitudinal 

acceleration, lateral acceleration, velocity, and steering angle, with equal weights. 
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In the next step, all variables were initialized with equal weights according to a previous study 

[Kahneman, 2012]. The application of the elbow criterion based on the entropy (Equation 3.8) 

is displayed in Figure 5.4. In general, the purity and entropy can be used for the elbow 

criterion, and the application of purity is discussed in Section 5.3.3. As there is a high decrease 

of entropy from 10 to 11 clusters, the latter is an optimal choice for the number of clusters. In 

the next step, the weights of the variables are systematically varied, and the respective purity 

is calculated. This is shown in Table 5.2 with the purity ranked from high to low. 
Table 5.2: Decreasing purity for the systematic variation of the variable weights for the lane change 

assistant. 

Purity Longitudinal 

Acceleration 

Lateral 

Acceleration 

Velocity Steering Angle 

0.713287 0.3 0.1 0 0.6 

0.706294 0.4 0.1 0 0.5 

0.699301 0.6 0.2 0 0.2 

0.692308 0.4 0 0 0.6 

0.692308 0.4 0.2 0 0.4 

0.692308 0.6 0 0.1 0.3 

0.692308 0.6 0.2 0.1 0.1 

… … … … … 

Table 5.2 shows the purity ranked from high to low for the first 7 combinations of the 4 

variables. In total, 259 combinations were regarded. It is striking that apart from 2 cases, the 

velocity for all other cases is zero. Further, the longitudinal acceleration and the steering angle 

seem to have a dominant influence on comfort perception. It is also surprising that the lateral 

acceleration has a rather low impact on comfort perception because the data were from a study 

where the subjects drove themselves and many lane changes were necessary for an overtaking 

maneuver. Therefore, the longitudinal acceleration appears to be more dominant than lateral 

acceleration. The two highest levels of purity are very consistent. Therefore, the weighting of 

the highest purity in line 1 of Table 5.2 is chosen. This weighting has been previously 

published [Moser and Schramm, 2018]. 

5.3.3 Adaptive Cruise Control (ACC) 

In contrast to a lane change, the maneuvers of ACC are mainly defined by longitudinal effects. 

Therefore, the longitudinal acceleration and the distance to the target vehicle, as well as the 

velocity, seem to have the highest impact on the subjective perception. Similar to Section 

5.3.2, these variables are initialized with equal weights to determine the optimal number of 

clusters. The application of the elbow criterion based on the purity (Equation 3.6) is displayed 

in Figure 5.5, which shows that purity increases twice. The first increase is from 3 to 4 

clusters. Since there are 355 observations, 4 clusters seem to be too small to distinguish the 

different patterns. The second great increase is from 20 to 21 clusters. In comparison to 355 
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observations, 21 clusters can be a reasonable choice to detect many different clusters. 

Therefore, 21 is chosen as the optimal number of clusters. At first, the time series of the 

distance to the front vehicle was used in its raw version. However, it has several problems 

that are described in Section 3.6. In this section, a signal transformation (See Figure 3.18) was 

introduced to increase the weight on small distances. Optimization was conducted for 

different values of 𝑡 for 𝑓𝑡(𝑥) =
1

𝑥𝑡. The one that led to the highest total purity was for 𝑡 =
7

16
. 

This is displayed in Table 5.3 with the purity ranked from high to low. 

 
Figure 5.5: The elbow criterion for the adaptive cruise control based on the variables, longitudinal 

acceleration, velocity, and distance to target object, with equal weights. 

Table 5.3 shows the purity ranked from high to low for the first 7 combinations of the 3 

variables. In total, 62 combinations were considered. The first 7 combinations are rather 

consistent, and the longitudinal acceleration was found to have the highest impact. 

Furthermore, velocity has a higher impact than it has in the LCA use case. Although the 

impact of the distance to the target object seems to be small, it can increase purity. The two 

highest levels of purity are very consistent. Therefore, the weighting of the highest purity in 

line 1 of Table 5.3 is chosen. This weighting has been previously used [Hottmann, 2019]. 

 
Table 5.3: Decreasing purity for the systematic variation of the variable weights for adaptive cruise 

control. 

Purity Longitudinal Acceleration Velocity Distance to target object 

0.70621469 0.5 0.3 0.2 

0.70338983 0.6 0.2 0.2 

0.70056497 0.6 0.4 0 

0.70056497 0.7 0.3 0 
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0.69774011 0.5 0.4 0.1 

0.69774011 0.5 0.5 0 

0.69774011 0.9 0 0.1 

… … … … 

After the weighting of the variables has been determined for the three use cases, in the next 

section, a comparison of the prediction performance follows. 

5.4 Comparison of the Proposed Classifiers with State-of-the-Art 

Methods 

This section extensively compares the classifiers presented in Chapters 3 and 4 with the state-

of-the-art methods in objective assessment of ADAS. This comparison is conducted for the 

three use cases of LKA, LCA, and ACC. The different datasets are displayed in Figure 5.6. 

In the first step, the prediction performance is tested on the basic data set. This performance 

shows how well the classifiers can extract information from the basic data set to predict 

previously known observations. In the second step, the basic data set is tested against the 

dataset of the expert study. This study was conducted for LKA and LCA to prove the 

generalizability of the classifiers. However, due to the small size of observations and study 

subjects (6), this is not a representative result. Therefore, in the third step, the observations of 

the basic data set and the expert study are combined to predict the comfort of the validation 

study that was described in Section 5.2. The validation study comprised the three use cases, 

LKA, LCA, and ACC. Since the data of the validation study remained unseen by the classifier, 

the performance on this dataset is a measure of the generalizability of the classifiers. 

 
Figure 5.6: Overview of the datasets used in this comparison. 

 

Expert Study:

241 observations

LANE KEEPING ASSISTANT

Validation 

Study:

545 observations

Basic data set: 

2213 

observations

1

2

3

Expert Study:

189 observations

LANE CHANGE ASSISTANT

Validation 

Study:

547 observations

Basic data set: 

423 observations

1

2

3

ADAPTIVE CRUISE CONTROL

Validation 

Study:

251 observations

Basic data set: 

355 observations

1

3

1 = Basic data set vs. Basic d. s. 2 = Basic data set vs. Expert Study 3 = Basic d.s.+ Expert Study vs. Validation Study
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A comparison of the classifiers will help answer the following research questions (Sections 

5.4.2, 5.4.3, and 5.4.4): 

1. Does the weighted version of the k-NN classifier improve the prediction performance 

in comparison with the regular k-NN classifier? 

2. Does MDTW increase the prediction performance of the k-NN and KDE classifiers 

compared with univariate DTW? 

3. How do the MDTW-based classifiers perform in comparison with the state-of-the-art 

methods? 

In the following sections, the classifiers with their respective parameters are described in more 

detail. 

5.4.1 Descriptions of the Classifiers 

This section describes the specifications of the classifiers that are tested here. 

The k-NN classifier and the KDE based classifier have been presented in Chapter 4 and are 

the core of this methodology. These two classifiers are tested against the state-of-the-art 

methods for the objective assessment of ADAS. As stated in Section 2.2, most studies on the 

objective assessment of ADAS use multiple linear regression (MLR) [Decker, 2009; 

Schimmel, 2010]. Therefore, MLR is also tested in this thesis as well as a simple neural 

network (NN) proposed by [Schöggl et al., 2014]. Figure 5.7 depicts an overview of the 

different classifiers with their different variations and parameters. The predictor variables 

with their respective weightings have been determined in Section 5.3. 

To determine the optimal value of k for every use case, the k-NN classifier is compared with 

different values of k. To investigate research question 1 (preceding section), the weighted 

(Section 4.3.2) and regular k-NN are compared to test if the weighted version is indeed an 

improvement over regular k-NN. In the LCA and ACC datasets MDTW k-NN is tested against 

the univariate DTW k-NN classifiers to test the improvement of the multivariate approach in 

comparison with univariate classifiers. Since LKA is a univariate use case (see Section 5.3.1), 

there is no comparison between multivariate and univariate forms of DTW for this use case. 

Since the KDE based classifier is a nonparametric classifier, no parameters must be 

determined. Therefore, only a comparison between multivariate and univariate KDE is 

conducted. Variables and weighting for the KDE based classifiers are the same as those for 

the k-NN classifier. 

MLR and neural networks, which are state-of-the-art methods, rely on features as input. The 

features used in this comparison are based on previous studies. Features like 𝑎𝑥,𝑚𝑎𝑥 and 

𝑎𝑦,𝑚𝑎𝑥 have been previously used [Schöggl et al., 2014; Konak et al., 2016]. Since the inlane 

oscillation of LKA can be characterized by frequency (𝑓) and amplitude (𝐴), the maximum 

values of these two are also taken as features for MLR and neural networks. The resulting 

regression functions for the MLR and the network structure of the neural network are 

displayed in Figure 5.7. 
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Figure 5.7: Overview of the parameters of the classifier in this comparison. 
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5.4.2 Comparison of Regular and Weighted k-NN Classifier 

In this section, the performance of the regular k-NN classifier is compared with that of the 

weighted k-NN classifier based on the performance measures 𝐴𝑐𝑐𝑎𝑑 (Equation 4.15), 𝐿𝑀
1  

(Equation 4.17), and 𝑂𝐶𝛽
𝛾
 (Equation 4.19). The results are displayed in Figure 5.8-Figure 5.10. 

For every variation of the classifiers, the three experiments: basic data set (observations of 

the basic data set versus observations of the basic data set), expert study (observations of the 

basic data set versus observations of the expert study), and validation study (observations of 

the basic data set and the expert study versus observations of the validation study), are 

compared (see Figure 5.6 steps 1-3). In this comparison, the nearest neighbor is ignored, 

which is also known as “leave one out cross validation” [Murphy, 2012]. 

Lane Keeping Assistant 

The prediction performance on the LKA datasets is displayed in Figure 5.8. 𝐴𝑐𝑐𝑎𝑑 is 

displayed in the upper panel of Figure 5.8, where the regular k-NN classifier is compared with 

its respective weighted k-NN classifier version. For 𝑘 = 1, there is no difference between the 

prediction of the regular and the weighted k-NN classifier. Therefore, there is no change in 

𝐴𝑐𝑐𝑎𝑑 (the same holds for 𝐿𝑀
1  and 𝑂𝐶𝛽

𝛾
). For 𝑘 = 2 … 5, the weighted k-NN slightly improves 

𝐴𝑐𝑐𝑎𝑑 when compared with the regular k-NN classifier. As an example, the performance of 

the 5-NN classifier on the validation study is 𝐴𝑐𝑐𝑎𝑑 = 89% while the performance of the 

weighted 5-NN on the validation study is 𝐴𝑐𝑐𝑎𝑑 = 91%, which is an improvement of 2%. 

Therefore, it can be concluded that the weighted version of the k-NN classifier improves the 

𝐴𝑐𝑐𝑎𝑑 on the LKA datasets. The highest 𝐴𝑐𝑐𝑎𝑑 of the respective dataset is marked in green. 

It varies between 𝐴𝑐𝑐𝑎𝑑 = 78% and 𝐴𝑐𝑐𝑎𝑑 = 91%. 

𝐿𝑀
1  is displayed in the middle panel of Figure 5.8, where the regular k-NN classifier is 

compared with its respective weighted k-NN classifier version. For 𝑘 = 2 … 5, there is a small 

deterioration in 𝐿𝑀
1  in the respective experiments. However, this deterioration is not as clear 

as the improvement in 𝐴𝑐𝑐𝑎𝑑 discussed earlier. In two of the three datasets, 𝐿𝑀
1  deteriorated 

while in one of the three datasets 𝐿𝑀
1  improved. Notably, the difference in 𝐿𝑀

1  between the 

basic data set and the expert study is quite small, while the difference in 𝐿𝑀
1  between the basic 

data set and the validation study is rather high. Therefore, it can be concluded that the 

weighted version of the k-NN classifier deteriorates 𝐿𝑀
1  in the LKA datasets. The lowest 𝐿𝑀

1  

of the respective dataset is marked in green. It varies between 𝐿𝑀
1 = 0.82 and 𝐿𝑀

1 = 1.58. 

𝑂𝐶𝛽
𝛾
 is shown in the lower panel of Figure 5.8, where the regular k-NN classifier is compared 

with its respective weighted k-NN classifier version. For 𝑘 = 2, there is a small deterioration 

in 𝑂𝐶𝛽
𝛾
 in the respective experiments. For 𝑘 = 3 … 5, there is a small improvement in 𝑂𝐶𝛽

𝛾
 in 

the respective experiments. As an example, the performance of the 5-NN classifier on the 

validation study is 𝑂𝐶𝛽
𝛾

= 0.55, while the performance of the weighted 5-NN classifier on 

the validation study is 𝑂𝐶𝛽
𝛾

= 0.52, which shows an improvement of 0.03.  
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Figure 5.8: Comparison of the k-NN classifier with the weighted k-NN classifier on the lane keeping 

assistant (LKA) dataset with the adj. Accuracy, L1M measure, and ordinal classification index. 
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Therefore, it can be concluded that the weighted version of the k-NN classifier improves the 

𝑂𝐶𝛽
𝛾
 on the LKA datasets. The lowest 𝑂𝐶𝛽

𝛾
 of the respective dataset is marked in green. It 

varies between 𝑂𝐶𝛽
𝛾

= 0.52 and 𝑂𝐶𝛽
𝛾

= 0.72. 

In summary, the use of the weighted k-NN classifier improves 𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 in the LKA 

datasets, while it deteriorates 𝐿𝑀
1 . 

Lane Change Assistant 

The prediction performance on the LCA datasets is displayed in Figure 5.9. 𝐴𝑐𝑐𝑎𝑑 is displayed 

in the upper panel of Figure 5.9, where the regular k-NN classifier is compared with its 

respective weighted k-NN classifier version. For 𝑘 = 1, there is no difference in the prediction 

of the regular and the weighted k-NN classifier. Therefore, there is no change in 𝐴𝑐𝑐𝑎𝑑 (the 

same holds for 𝐿𝑀
1  and 𝑂𝐶𝛽

𝛾
). For 𝑘 = 2 … 5, 𝐴𝑐𝑐𝑎𝑑 slightly improves for the weighted k-NN 

as compared with the respective regular k-NN classifier. As an example, the performance of 

the 3-NN classifier on the validation study is 𝐴𝑐𝑐𝑎𝑑 = 70%, while the performance of the 

weighted 3-NN classifier on the validation study is 𝐴𝑐𝑐𝑎𝑑 = 79%, which shows an 

improvement of 9%. Therefore, it can be concluded that the weighted version of the k-NN 

classifier improves 𝐴𝑐𝑐𝑎𝑑 on the LKA datasets. The highest 𝐴𝑐𝑐𝑎𝑑 of the respective dataset 

is marked in green. It varies between 𝐴𝑐𝑐𝑎𝑑 = 62% and 𝐴𝑐𝑐𝑎𝑑 = 80%. 

𝐿𝑀
1  is displayed in the middle panel of Figure 5.9, where the regular k-NN classifier is 

compared with its respective weighted k-NN classifier version. For 𝑘 = 2 … 5, 𝐿𝑀
1  slightly 

deteriorates in the respective experiments. However, this deterioration is not as clear as the 

improvement of 𝐴𝑐𝑐𝑎𝑑 discussed earlier. In two of the three datasets, 𝐿𝑀
1  deteriorates, while 

in one of the three datasets, 𝐿𝑀
1  improves. Therefore, it can be concluded that the weighted 

version of the k-NN classifier deteriorates 𝐿𝑀
1  in the LCA datasets. The lowest 𝐿𝑀

1  of the 

respective dataset is marked in green. It varies between 𝐿𝑀
1 = 1.71 and 𝐿𝑀

1 = 2.31. 

𝑂𝐶𝛽
𝛾
 is displayed in the lower panel of Figure 5.9, where the regular k-NN classifier is 

compared with its respective weighted k-NN classifier version. For 𝑘 = 2 … 5, there is a small 

improvement in 𝑂𝐶𝛽
𝛾
 in the respective experiments. As an example, the performance of the 

4-NN classifier in the expert study is 𝑂𝐶𝛽
𝛾

= 0.86, while the performance of the weighted 4-

NN classifier in the validation study is 𝑂𝐶𝛽
𝛾

= 0.80, which shows an improvement of 0.06. 

Therefore, it can be concluded that the weighted version of the k-NN classifier improves 𝑂𝐶𝛽
𝛾
 

on the LCA datasets. The lowest 𝑂𝐶𝛽
𝛾
 of the respective dataset is marked in green. It varies 

between 𝑂𝐶𝛽
𝛾

= 0.79 and 𝑂𝐶𝛽
𝛾

= 0.87. 

In summary, similar to the LKA datasets, the use of the weighted k-NN classifier improves 

𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 in the LCA datasets, while it deteriorates 𝐿𝑀

1 .  
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Figure 5.9: Comparison of the k-NN classifier with the weighted k-NN classifier on the lane change 

assistant (LCA) dataset with the adj. Accuracy, L1M measure, and ordinal classification index. 
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Adaptive Cruise Control 

The prediction performance on the ACC datasets is displayed in Figure 5.10. 𝐴𝑐𝑐𝑎𝑑 is 

displayed in the upper panel of Figure 5.10, where the regular k-NN classifier is compared 

with its respective weighted k-NN classifier version. For 𝑘 = 1, there is no difference in the 

prediction of the regular and the weighted k-NN classifier. Therefore, there is no change in 

𝐴𝑐𝑐𝑎𝑑 (the same holds for 𝐿𝑀
1  and 𝑂𝐶𝛽

𝛾
). For 𝑘 = 2 … 4, there is a small improvement of 

𝐴𝑐𝑐𝑎𝑑 in the respective experiments. For example, the performance of the 3-NN classifier in 

the validation study is 𝐴𝑐𝑐𝑎𝑑 = 74% while the performance of the weighted 3-NN on the 

validation study is 𝐴𝑐𝑐𝑎𝑑 = 82%, which shows an improvement of 8%.  For 𝑘 = 5, there is 

an improvement in 𝐴𝑐𝑐𝑎𝑑 in one dataset and a deterioration in another. However, it can be 

concluded that the weighted version of the k-NN classifier improves the 𝐴𝑐𝑐𝑎𝑑 on the LKA 

datasets because an improvement can be observed in majority of comparisons. The highest 

𝐴𝑐𝑐𝑎𝑑 of the respective dataset is marked in green. It varies between 𝐴𝑐𝑐𝑎𝑑 = 69% and 

𝐴𝑐𝑐𝑎𝑑 = 84%.  

𝐿𝑀
1  is displayed in the middle panel of Figure 5.10, where the regular k-NN classifier is 

compared with its respective weighted k-NN classifier version. For 𝑘 = 2 … 4, there is no 

clear change in 𝐿𝑀
1  in the respective experiments because on one of the two datasets, 𝐿𝑀

1  

deteriorates, while on the other one, 𝐿𝑀
1  improves. For 𝑘 = 5, there is a small improvement 

of 𝐿𝑀
1  in the respective experiments. Therefore, it can be concluded that the weighted version 

of the k-NN classifier leaves 𝐿𝑀
1  on the LCA datasets unchanged. The lowest 𝐿𝑀

1  of the 

respective dataset is marked in green. It varies between 𝐿𝑀
1 = 1.23 and 𝐿𝑀

1 = 1.66. 

𝑂𝐶𝛽
𝛾
 is displayed in the lower panel of Figure 5.10, where the regular k-NN classifier is 

compared with its respective weighted k-NN classifier version. For 𝑘 = 2 … 5, there is a small 

improvement in 𝑂𝐶𝛽
𝛾
 in the respective experiments. As an example, the performance of the 

5-NN classifier in the validation study is 𝑂𝐶𝛽
𝛾

= 0.64, while that of the weighted 5-NN 

classifier on the validation study is 𝑂𝐶𝛽
𝛾

= 0.59, which shows an improvement of 0.05. 

Therefore, it can be concluded that the weighted version of the k-NN classifier improves 𝑂𝐶𝛽
𝛾
 

on the ACC datasets. The lowest 𝑂𝐶𝛽
𝛾
 of the respective dataset is marked in green. It varies 

between 𝑂𝐶𝛽
𝛾

= 0.59 and 𝑂𝐶𝛽
𝛾

= 0.76. 

In summary, the use of the weighted k-NN classifier improves 𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 in the ACC 

datasets, while it does not change 𝐿𝑀
1 . 

Discussion 

The comparison of the regular k-NN classifier with the weighted k-NN classifier showed 

similar results for the three use cases. Therefore, an improvement in 𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 can be 

achieved with the introduction of the weighted k-NN classifier. However, this is accompanied 

with a cost of a worse 𝐿𝑀
1 . Since two of the three measures improve, the weighted k-NN can 

be concluded to be an improvement over the regular k-NN. In this comparison, the tendency 

of 𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 is similar.  
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Figure 5.10: Comparison of the k-NN classifier with the weighted k-NN classifier on the adaptive cruise 

control (ACC) dataset with the adj. Accuracy, L1M measure, and ordinal classification index. 
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The two measures (𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
) seem to consider the same characteristics. To reduce the 

complexity of the evaluation, either one of the measures could be chosen. Because the 

confusion matrix is used for the calculation of 𝑂𝐶𝛽
𝛾
, it is a bit more detailed than 𝐴𝑐𝑐𝑎𝑑 and 

seems to be a good choice. However, 𝐿𝑀
1  takes different characteristics into account, which 

makes it valuable for prediction performance. In particular, the performance on sparse classes 

can be evaluated using 𝐿𝑀
1 . In general, high performing classifiers tend to perform well in 

terms of all three measures. An example is the performance of the weighted 5-NN classifier 

on the ACC datasets, which shows good performance in terms of all three measures. 

Therefore, the consistency of these measures is ensured in general. 

This comparison also showed that the prediction performance of the classifiers on the 

different use cases highly differs. While the prediction performance on the LKA datasets is 

high (𝐴𝑐𝑐𝑎𝑑 = 78 − 91% and 𝑂𝐶𝛽
𝛾

= 0.52 − 0.72), the prediction performance on the LCA 

datasets is mediocre (𝐴𝑐𝑐𝑎𝑑 = 52 − 80% and 𝑂𝐶𝛽
𝛾

= 0.79 − 0.87). The perfocmance on the 

ACC dataset is between that of the LCA and the LKA (𝐴𝑐𝑐𝑎𝑑 = 69 − 84% and 𝑂𝐶𝛽
𝛾

=

0.59 − 0.76). This could be a measure of complexity of the three use cases. There are various 

reasons for the different prediction performance on the use cases. While the performance of 

LKA only depends on lateral effects, a lane change can be more complex. These two 

assistance systems differ in their goal. The goal of the LKA is clear, wherein the vehicle 

should drive in the middle of the lane with only few disturbances (of course there are special 

cases, where a different behavior could be desired). However, there are a multitude of possible 

lane change scenarios, and the desired characteristics can highly differ, according to the study 

subjects. When a lane change is conducted to overtake another vehicle, the accelerations can 

be more dynamical. This can be desired by the customer to avoid being a traffic obstacle, 

which could lead to discomfort. In contrast, when the lane change is combined with a 

deceleration, it should be cautious. In general, the vehicle behavior during a lane change 

should be suitable to the current situation. This is especially challenging for the prediction 

because a high acceleration can be desired in one case and can feel unpleasant in another. One 

possibility to improve the prediction performance is to increase the amount of data. If this 

high variation of scenarios is sufficiently displayed in the data, the classifiers can distinguish 

between the different scenarios and improve their performance. The difference in the 

prediction performance on different datasets basic data set, expert study, and validation study 

should be noted. In the case of LKA, LCA, and ACC, 𝐴𝑐𝑐𝑎𝑑 for the basic data set and 

validation study is similar and even tends to improve slightly in the validation study. 

However, 𝐴𝑐𝑐𝑎𝑑 of the expert study is lower than that of the other two datasets, which shows 

that experts have a different method of assessment than the study subjects. This information 

that the experts assess comfort differently from the customers could be valuable. This could 

be because experts are more critical and have a more specific assessment procedure. The 

occurrence of the different levels of comfort is displayed in Figure 5.11 for LKA. In the 

validation study in particular, majority of the scenarios were assessed with high comfort by 

the study subjects. Figure 5.11 clearly shows that low comfort levels rarely occur in the 

validation study. It can be concluded that the study subjects generally liked the driving 

function and were only irritated by rare events. However, the experts could be more critical 

and may evaluate slight variations of the functional behavior as unpleasant. 
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Figure 5.11: Histograms of the occurrence of different levels of comfort in the lane keeping assistant. 

𝐿𝑀
1  also shows an interesting effect, wherein it is the most dominant in the LKA use case. 𝐿𝑀

1  

continuously worsens from the basic data set to the expert study to the validation study, while 

𝐴𝑐𝑐𝑎𝑑 remains high. This could be because of the highly imbalanced classes. As mentioned 

earlier, especially in the validation study, the majority of events were assessed with high 

comfort. If only few bad comfort events occur, the importance of predicting these events 

correctly is really high for 𝐿𝑀
1 . Therefore, it can be concluded that some of the classifiers with 

high 𝐴𝑐𝑐𝑎𝑑 could not detect the bad comfort events correctly.  

In summary, 𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 have similar values in the basic data set and the validation study. 

Therefore, the validation of the classifiers in this comparison was successful, which shows 

the high generalizability of these classifiers. After the regular k-NN classifier was compared 

to the weighted k-NN classifier in this section, the following section analyzes the differences 

in the prediction performance between the univariate DTW and MDTW classifiers. 

5.4.3 Comparison of the Univariate DTW with MDTW 

In this section, the performance of the univariate DTW classifiers is compared with that of 

the MDTW classifiers based on the performance measures 𝐴𝑐𝑐𝑎𝑑 (Equation 4.15), 𝐿𝑀
1  

(Equation 4.17), and 𝑂𝐶𝛽
𝛾
 (Equation 4.19). The results are displayed in Figure 5.12 and Figure 

5.13. For each variation of the classifiers, the three experiments, namely basic data set 

(observations of the basic data set versus observations of the basic data set), expert study 

(observations of the basic data set versus observations of the expert study), and validation 

study (observations of the basic data set and the expert study versus observations of the 

validation study), are compared (see Figure 5.6, steps 1-3). In this comparison, the nearest 

neighbor has been ignored, which is also known as “leave one out cross validation” [Murphy, 

2012]. Since the LKA datasets are a univariate use case, they are not considered in this 

comparison. 
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Lane Change Assistant 

The prediction performance on the LCA datasets is displayed in Figure 5.12. 𝐴𝑐𝑐𝑎𝑑 is 

displayed in the upper panel of Figure 5.12, where the univariate DTW 2-NN classifiers are 

compared with the MDTW 2-NN classifier and the univariate DTW KDE classifiers are 

compared with the MDTW KDE classifier. The value of k was chosen to be 2 because it 

showed the highest prediction performance on the LCA datasets. The dashed arrows show the 

comparison of the highest 𝐴𝑐𝑐𝑎𝑑 of the univariate case with the 𝐴𝑐𝑐𝑎𝑑 of the multivariate case 

in the respective datasets. The highest 𝐴𝑐𝑐𝑎𝑑 of the respective dataset is marked in green. In 

the comparison of the 2-NN classifiers, the DTW 2-NN (ax) classifier shows a higher 𝐴𝑐𝑐𝑎𝑑 

in the basic data set and the expert study than the MDTW 2-NN classifier. However, the 

MDTW 2-NN classifier has the highest 𝐴𝑐𝑐𝑎𝑑 of the 2-NN classifiers in the validation study. 

Therefore, it can be concluded that the use of a MDTW 2-NN classifier leads to a deterioration 

of 𝐴𝑐𝑐𝑎𝑑 on the LCA datasets. In the comparison of the KDE classifiers, the DTW KDE (ax) 

classifier shows the highest 𝐴𝑐𝑐𝑎𝑑 in all datasets. The performance of the MDTW KDE 

classifier is worse than that of the univariate classifiers, which is a surprising result. Therefore, 

it can be concluded that the use of a MDTW KDE classifier leads to a deterioration of 𝐴𝑐𝑐𝑎𝑑 

in the LCA datasets. 𝐴𝑐𝑐𝑎𝑑 varies between 𝐴𝑐𝑐𝑎𝑑 = 35% and 𝐴𝑐𝑐𝑎𝑑 = 88%. 

𝐿𝑀
1  is displayed in the middle panel of Figure 5.12, where the univariate DTW 2-NN 

classifiers are compared with the MDTW 2-NN classifier and the univariate DTW KDE 

classifiers are compared with the MDTW KDE classifier. The dashed arrows show a 

comparison of the lowest 𝐿𝑀
1  of the univariate case with the 𝐿𝑀

1  of the multivariate case on 

the respective datasets. The lowest 𝐿𝑀
1  of the respective dataset is marked in green. In the 

comparison of the 2-NN classifiers, the DTW 2-NN (ax) classifier shows a lower 𝐿𝑀
1  in the 

basic data set than the MDTW 2-NN classifier. The DTW 2-NN (ay) classifier shows a lower 

𝐿𝑀
1  in the expert study than the MDTW 2-NN classifier. However, the MDTW 2-NN classifier 

has the lowest 𝐿𝑀
1  of the 2-NN classifiers in the validation study. Therefore, it can be 

concluded that the use of a MDTW 2-NN classifier leads to a deterioration of 𝐿𝑀
1  in the LCA 

datasets. In the comparison of the KDE classifiers, the DTW KDE (ax) classifier shows the 

lowest 𝐿𝑀
1  on the basic data set. The DTW KDE (ay) classifier shows a lower 𝐿𝑀

1  in the expert 

study than the MDTW KDE classifier. However, the MDTW KDE classifier has the lowest 

𝐿𝑀
1  of the KDE classifiers in the validation study. Therefore, it can be concluded that the use 

of a MDTW KDE classifier leads to a deterioration of 𝐿𝑀
1  in the LCA datasets. 𝐿𝑀

1  varies 

between 𝐿𝑀
1 = 1.39 and 𝐿𝑀

1 = 2.28. 

𝑂𝐶𝛽
𝛾
 is displayed in the lower panel of Figure 5.12, where the univariate DTW 2-NN 

classifiers are compared with the MDTW 2-NN classifier and the univariate DTW KDE 

classifiers are compared with the MDTW KDE classifier. The dashed arrows show a 

comparison of the lowest 𝑂𝐶𝛽
𝛾
 of the univariate case with 𝑂𝐶𝛽

𝛾
 of the multivariate case in the 

respective datasets. The lowest 𝑂𝐶𝛽
𝛾
 of the respective dataset is marked in green.  
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Figure 5.12: Comparison of the univariate DTW and the MDTW classifiers on the lane change assistant 

(LCA) dataset with the adj. Accuracy, L1M measure, and ordinal classification index. 
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In the comparison of the 2-NN classifiers, the DTW 2-NN (ax) classifier shows a lower 𝑂𝐶𝛽
𝛾
 

value on the basic data set and the expert study than the MDTW 2NN classifier. However, 

the MDTW 2-NN classifier has the lowest 𝑂𝐶𝛽
𝛾
 of the 2NN classifiers in the validation study. 

Therefore, it can be concluded that the use of a MDTW 2NN classifier leads to a deterioration 

of 𝑂𝐶𝛽
𝛾
 in the LCA datasets. In the comparison of the KDE classifiers, the DTW KDE (ax) 

classifier shows the lowest 𝑂𝐶𝛽
𝛾
 in the basic data set and the expert study. The performance 

of the MDTW KDE classifier is worse than the univariate classifiers. Therefore, it can be 

concluded that the use of a MDTW KDE classifier leads to a deterioration of 𝑂𝐶𝛽
𝛾
 in the LCA 

datasets. 𝑂𝐶𝛽
𝛾
 varies between 𝑂𝐶𝛽

𝛾
= 0.50 and 𝑂𝐶𝛽

𝛾
= 0.93. 

In summary, the use of MDTW deteriorates the prediction performance compared to the use 

of the univariate DTW classifiers on the LCA datasets. 

Adaptive Cruise Control 

The prediction performance on the ACC datasets is displayed in Figure 5.13. 𝐴𝑐𝑐𝑎𝑑 is 

displayed in the upper panel of Figure 5.13, where the univariate DTW 4-NN classifiers are 

compared with the MDTW 4-NN classifier and the univariate DTW KDE classifiers are 

compared with the MDTW KDE classifier. The value of k that was chosen was 4 because the 

4-NN classifier showed the highest prediction performance on the ACC datasets. The dashed 

arrows show the comparison of the highest 𝐴𝑐𝑐𝑎𝑑 of the univariate case with the 𝐴𝑐𝑐𝑎𝑑 of the 

multivariate case in the respective datasets. The highest 𝐴𝑐𝑐𝑎𝑑 of the respective dataset is 

marked in green. In the comparison of the 4-NN classifiers, the DTW 4-NN (ax) classifier 

shows a higher 𝐴𝑐𝑐𝑎𝑑 in the basic data set and the validation study than the MDTW 4-NN 

classifier. Therefore, it can be concluded that the use of a MDTW 4-NN classifier leads to a 

deterioration of 𝐴𝑐𝑐𝑎𝑑 in the ACC datasets. In the comparison of the KDE classifiers, the 

DTW KDE (ax) classifier shows the highest 𝐴𝑐𝑐𝑎𝑑 in the validation study. However, the 

𝐴𝑐𝑐𝑎𝑑 of the DTW KDE (ax)  classifier in the basic data set is equal to the 𝐴𝑐𝑐𝑎𝑑 of the 

MDTW KDE. Therefore, it can be concluded that the use of a MDTW KDE classifier leads 

to a deterioration of 𝐴𝑐𝑐𝑎𝑑 in the ACC datasets. 𝐴𝑐𝑐𝑎𝑑 varies between 𝐴𝑐𝑐𝑎𝑑 = 49% and 

𝐴𝑐𝑐𝑎𝑑 = 91%. 

𝐿𝑀
1  is displayed in the middle panel of Figure 5.13, where the univariate DTW 4-NN 

classifiers are compared with the MDTW 4-NN classifier and the univariate DTW KDE 

classifiers are compared with the MDTW KDE classifier. The dashed arrows show the 

comparison of the lowest 𝐿𝑀
1  of the univariate case with the 𝐿𝑀

1  of the multivariate case on 

the respective datasets. The lowest 𝐿𝑀
1  of the respective dataset is marked in green. In the 

comparison of the 4-NN classifiers, the DTW 4NN (V) shows a lower 𝐿𝑀
1  in the basic data 

set than the MDTW 4-NN classifier. However, in the validation study, the MDTW 4-NN 

classifier has the same 𝐿𝑀
1  as the DTW 4NN (dist) classifier, which is the lowest 𝐿𝑀

1  of the 

DTW 4-NN classifiers. In this case, it is not clear whether the use of a MDTW 2NN classifier 

leads to a deterioration of 𝐿𝑀
1  on the ACC datasets. In the comparison of the KDE classifiers, 

the DTW KDE (ax) classifier shows the lowest 𝐿𝑀
1  on the basic data set. The DTW KDE (V) 

shows a lower 𝐿𝑀
1  in the expert study than the MDTW KDE classifier.  
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Figure 5.13: Comparison of the univariate DTW and the MDTW classifiers on the adaptive cruise 

control (ACC) dataset with the adj. Accuracy, L1M measure, and ordinal classification index. 
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Therefore, it can be concluded that the use of a MDTW KDE classifier leads to a deterioration 

of 𝐿𝑀
1  in the ACC datasets. 𝐿𝑀

1  varies between 𝐿𝑀
1 = 0.96 and 𝐿𝑀

1 = 1.78. 

𝑂𝐶𝛽
𝛾
 is displayed in the lower panel of Figure 5.13, where the univariate DTW 4-NN 

classifiers are compared with the MDTW 4-NN classifier and the univariate DTW KDE 

classifiers are compared with the MDTW KDE classifier. The dashed arrows show a 

comparison of the lowest 𝑂𝐶𝛽
𝛾
 of the univariate case with the 𝑂𝐶𝛽

𝛾
 of the multivariate case on 

the respective datasets. The lowest 𝑂𝐶𝛽
𝛾
 of the respective dataset is marked in green. In the 

comparison of the 4-NN classifiers, the DTW 4-NN (ax) classifier shows a lower 𝑂𝐶𝛽
𝛾
 in the 

basic data set and the validation study than the MDTW 4-NN classifier. Therefore, it can be 

concluded that the use of a MDTW 4-NN classifier leads to a deterioration of 𝑂𝐶𝛽
𝛾
 in the ACC 

datasets. In the comparison of the KDE classifiers, the DTW KDE (ax) classifier shows the 

lowest 𝑂𝐶𝛽
𝛾
 in the basic data set and the validation study. Therefore, it can be concluded that 

the use of a MDTW KDE classifier leads to a deterioration of 𝑂𝐶𝛽
𝛾
 in the ACC datasets. 𝑂𝐶𝛽

𝛾
 

varies between 𝑂𝐶𝛽
𝛾

= 0.50 and 𝑂𝐶𝛽
𝛾

= 0.87. 

In summary, the use of MDTW deteriorates the prediction performance in comparison with 

the univariate DTW classifiers on the ACC datasets. 

Discussion 

A comparison of the univariate DTW classifiers with the MDTW classifiers showed similar 

results for the three use cases. Therefore, the use of an MDTW classifier can deteriorate the 

prediction performance. Because MDTW is calculated by a weighting factor 𝑐𝑗 of the 𝑗 ∈

{1, … , 𝑛} variables, the trivial solution 𝑐𝑗 = 1, 𝑐𝑘 = 0 ∀ 𝑘𝜖{1, … , 𝑛}\𝑗 would include the 

univariate DTW solution. Therefore, it should be expected that the multivariate case will 

always show better or at least equal results than the univariate case because the univariate 

case is a special case of the multivariate one. However, the optimization in Chapter 3 is not 

conducted according to a prediction performance measure like the 𝐴𝑐𝑐𝑎𝑑, but a cluster 

validation index like 𝑝𝑢𝑟𝑖𝑡𝑦 (Equation 3.6). Therefore, it is possible that the optimal 

weighting according to the 𝑝𝑢𝑟𝑖𝑡𝑦 is not necessarily the same as the optimal weighting 

according to the 𝐴𝑐𝑐𝑎𝑑. The reason for 𝑝𝑢𝑟𝑖𝑡𝑦 to be more important is shown in Section 3.1. 

In the LCA use case, the DTW 2-NN (ax) classifier has a higher 𝐴𝑐𝑐𝑎𝑑 and a lower 𝑂𝐶𝛽
𝛾
 than 

the MDTW 2-NN classifier in the basic data set and the expert study. In this case, adding new 

variables to the DTW calculation leads to a deterioration of the prediction performance. 

However, the MDTW 2-NN classifier performs better in the validation study, where the 

addition of new variables could lead to an improvement in the prediction performance. The 

performance of the KDE classifiers on the LCA datasets is far more extreme. The DTW KDE 

(ax) classifier has the highest performance of all classifiers in the prediction of the lane change 

comfort because of its high 𝐴𝑐𝑐𝑎𝑑, low 𝐿𝑀
1 , and low 𝑂𝐶𝛽

𝛾
. However, the MDTW KDE 

classifier performs badly in comparison with the univariate KDE classifiers. This is especially 

surprising as the univariate KDE classifiers perform better than all k-NN classifiers in this use 

case. A similar deterioration of the prediction performance from univariate to multivariate 

can be seen in the case of ACC. In this use case, the DTW 4-NN (ax) classifier and the DTW 
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KDE (ax) classifier lead to the highest prediction performance, while the multivariate versions 

perform badly. This result is surprising because this study begun by hypothesizing that the 

use of multivariate classifiers would lead to an improved prediction accuracy, using the 

information of multiple variables. A reason for the bad performance to the multivariate 

classifiers could be the lack of data regarding the different driving situations. The problem is 

the curse of dimensionality [Murphy, 2012]. The higher the dimensionality, the number of 

variables in this case, the larger the space of possible situations. To find the 3 nearest 

neighbors that are similar to the new observation, for example, the neighbors must be similar 

in every time series of every dimension. A reason for the especially bad performance of the 

MDTW KDE classifier is the sparse data on which the probabilistic models are built. The 

occurrence of the different levels of comfort is displayed in Figure 5.14 for the LCA use case.  

 
Figure 5.14: Histograms of the occurrence of different levels of comfort in the use case of the lane 

change assistant. 

This distribution of the comfort levels is in contrast to the distribution in the LKA that was 

shown in Figure 5.11. Figure 5.14 shows that the combination of the basic data set and the 

expert study leads to only few observations with low comfort levels, on which the KDE 

models are built. Therefore, especially the probabilistic models of comfort levels 1, 2, and 3 

are built on sparse data, which highly impedes the quality of the model. A further aspect is 

discussed in the following.  

The difference between the prediction performance of k-NN and KDE is also interesting. In 

the use case of the LCA, the univariate KDE classifiers have a better prediction performance 

than the univariate k-NN classifiers. In addition, the multivariate k-NN classifier performs 

better than the multivariate KDE classifier. However, this changes for the ACC use case. In 

this case, the univariate k-NN classifiers lead to better prediction performances than the 

univariate KDE classifiers, while the multivariate KDE classifier performs better than the 

multivariate k-NN classifier. Therefore, it cannot be concluded whether the k-NN or KDE is 

the superior approach. However, the multivariate KDE classifier struggles with high 

dimensional data. Increasing the dimensions of MDTW leads to a lower density of 

observations. Therefore, the density estimation is insufficient.  
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The results from the comparison in Section 5.4.2 regarding the prediction performance 

measures could be confirmed by the comparison in Section 5.4.3. 𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 again lead 

to similar results, while 𝐿𝑀
1  shows different characteristics. In addition, the effect of the 

different datasets (basic data set, expert study, and validation study) seem to be equal by both 

the KDE classifiers and the k-NN classifiers. Similar to Section 5.4.2, 𝐴𝑐𝑐𝑎𝑑 is lower in the 

expert study, while the basic data set and the validation study show similar results. This again 

proves that the experts assess the driving functions differently from the study subjects of the 

basic data set and the validation study. 

In summary, the use of multivariate classifiers did not improve the prediction performance as 

expected because the optimization based on the 𝑝𝑢𝑟𝑖𝑡𝑦 does not necessarily lead to the 

highest prediction performance. To find the optimal weighting 𝑐𝑗 for the best prediction 

performance, the procedure from Chapter 3 should also be conducted by keeping another 

parameter, e.g. 𝐴𝑐𝑐𝑎𝑑, as the optimization criterion. Thus, especially in the ACC use case, the 

prediction performance is really high, especially for the MDTW 4-NN (ax) classifier. To 

compare the prediction performance of all classifiers, in the following section, the best 

performing MDTW classifiers are compared with the state-of-the-art methods. 

5.4.4 Comparison of the MDTW Classifiers with the State-of-the-Art Methods 

In this section, the highest performing MDTW classifiers are compared with the state-of-the-

art classifiers based on the performance measures 𝐴𝑐𝑐𝑎𝑑 (Equation 4.15), 𝐿𝑀
1  (Equation 4.17), 

and 𝑂𝐶𝛽
𝛾
 (Equation 4.19). The results are displayed in Figure 5.15-Figure 5.17. For every 

variation of the classifiers, the three experiments, namely basic data set (observations of the 

basic data set versus observations of the basic data set), expert study (observations of the basic 

data set versus observations of the expert study), and validation study (observations of the 

basic data set and the expert study versus observations of the validation study), are compared 

(see Figure 5.6, steps 1-3). In this comparison, the nearest neighbor has been ignored, which 

is also known as the “leave one out cross validation” [Murphy, 2012]. 

Lane Keeping Assistant 

The prediction performance in the LKA datasets is displayed in Figure 5.15, where 𝐴𝑐𝑐𝑎𝑑 is 

displayed in the upper panel. The highest 𝐴𝑐𝑐𝑎𝑑 of the respective dataset is marked in green. 

In this comparison, the weighted DTW 5-NN classifier has the highest 𝐴𝑐𝑐𝑎𝑑 in all datasets, 

which is almost similar to the value for the regular DTW 5-NN classifier. The 𝐴𝑐𝑐𝑎𝑑 of the 

weighted DTW 5-NN classifier is about 10% higher in all datasets than the multiple linear 

regression (MLR), which is the most prominent method for objective assessment. However, 

the neural network (NN) also shows a high 𝐴𝑐𝑐𝑎𝑑, especially in the validation study. Since 

the weighted DTW 5-NN classifier leads to superior 𝐴𝑐𝑐𝑎𝑑 in the LKA datasets, it can be 

concluded that the methodology proposed in this study can improve the performance of the 

state-of-the-art methods for objective assessment. “Random” stands for the prediction of 

random classes. Since all classifiers lead to a clearly higher 𝐴𝑐𝑐𝑎𝑑 than random, they can 

extract valuable information from the basic data set. The 𝐴𝑐𝑐𝑎𝑑 of the highest performing 

classifiers varies between 𝐴𝑐𝑐𝑎𝑑 = 78% and 𝐴𝑐𝑐𝑎𝑑 = 91%. 
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𝐿𝑀
1  is displayed in the middle panel of Figure 5.15. The lowest 𝐿𝑀

1  of the respective dataset is 

marked in green. The lowest 𝐿𝑀
1  on the basic data set could be achieved by the weighted DTW 

5-NN classifier, which is also the lowest 𝐿𝑀
1  in all. 𝐿𝑀

1 = 0.82 means that the average 

deviation of the predicted class to the actual class is smaller than 1, which denotes good 

performance. The lowest 𝐿𝑀
1  in the expert study could be achieved by the regular DTW 5-NN 

classifier and the lowest 𝐿𝑀
1  on the validation study is achieved by the MLR, which was close 

to the 𝐿𝑀
1  achieved by the regular DTW 5-NN classifier. Therefore, the DTW 5-NN classifier 

is the highest performing classifier on the LKA datasets according to 𝐿𝑀
1 . Notably, the 𝐿𝑀

1  of 

the DTW KDE in the expert study is higher than the 𝐿𝑀
1  of random, which denotes bad 

performance. The values of 𝐿𝑀
1  of the highest performing classifiers range from 𝐿𝑀

1 = 0.82 

up to 𝐿𝑀
1 = 1.50. 

𝑂𝐶𝛽
𝛾
 is displayed in the lower panel of Figure 5.15. The lowest 𝑂𝐶𝛽

𝛾
 of the respective dataset 

is marked in green. Again, the weighted DTW 5-NN classifier is the highest performing 

classifier, having the lowest 𝑂𝐶𝛽
𝛾
 for all datasets, which is again similar to the regular DTW 

5-NN classifier. In the basic data set and the validation study, the results of NN are almost as 

good as the 𝑂𝐶𝛽
𝛾
 of the weighted DTW 5-NN classifier. However, in the expert study, NN 

performs worse. The expert study seems to be challenging for all the classifiers apart from 

the MLR, which has an almost equal 𝑂𝐶𝛽
𝛾
 in all three datasets. 

The weighted DTW 5-NN classifier is superior in terms of 𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 in all the three 

datasets, and as a result, it is the highest performing classifier. The DTW approaches can 

handle the variance of the subjective assessments (L5) very well in the LKA use case because 

the basic data set consists of a large amount of observations (2213) in combination with an 

equal distribution of the comfort levels among these observations. The reason for this equal 

distribution is that the experiment was conducted on a test track, where the lateral deviation 

could be varied on purpose. As a consequence, there are sufficient observations for the 

different levels of lateral deviation, and the value of k can be set relatively high to compensate 

for the variations in the subjective assessments. This explains why the weighted DTW 5-NN 

classifier performs well. The user impact (L6) in this use case is low because the inlane 

oscillation can be largely described by the variable of lateral deviation, which can directly be 

inserted into the algorithm and no feature engineering is required. This feature engineering is 

especially problematic for NN and MLR. The most promising features of the lateral deviation 

are the frequency and oscillation. However, it is really challenging to calculate these features 

for non-periodic signals. The result is a poor prediction performance in comparison with the 

DTW approaches. The DTW approaches clearly outperform the state-of-the-art methods, 

MLR and NN in the LKA datasets. This result shows that the DTW approach can indeed 

extract a higher information gain (L7) from the data than the current methods.  

In summary, the LKA use case showed that DTW based classification can be easily designed, 

is highly transparent, and achieves superior prediction performance based on the high 

information gain by using the entire time series. 
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Figure 5.15: Overall comparison of the DTW classifiers with state-of-the-art methods on the lane 

keeping assistant (LKA) dataset with the adj. Accuracy, L1M measure, and ordinal classification index. 
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Lane Change Assistant 

The prediction performance on the LCA datasets is displayed in Figure 5.16. 𝐴𝑐𝑐𝑎𝑑 is 

displayed in the upper panel of Figure 5.16. The highest 𝐴𝑐𝑐𝑎𝑑 of the respective dataset is 

marked in green. In this comparison, MLR has the highest 𝐴𝑐𝑐𝑎𝑑 on all datasets. Of the 

MDTW classifiers, the DTW KDE (ax) classifier has the highest 𝐴𝑐𝑐𝑎𝑑 on all datasets. 

However, it is about 3% lower in the basic data set, 9% lower in the expert study, and 3% 

lower in the validation study than the 𝐴𝑐𝑐𝑎𝑑 by the MLR. 𝐴𝑐𝑐𝑎𝑑 of NN is similar to the 𝐴𝑐𝑐𝑎𝑑 

of the DTW KDE (ax) classifier. As a result, in this use case, the MDTW approach shows a 

weaker performance on the 𝐴𝑐𝑐𝑎𝑑 than the state-of-the-art methods. The 𝐴𝑐𝑐𝑎𝑑 of the highest 

performing classifiers varies between 𝐴𝑐𝑐𝑎𝑑 = 72% and 𝐴𝑐𝑐𝑎𝑑 = 91%. 

𝐿𝑀
1  is displayed in the middle panel of Figure 5.16. The lowest 𝐿𝑀

1  of the respective dataset is 

marked in green. The lowest 𝐿𝑀
1  in the basic data set and the validation study could be 

achieved by the DTW KDE (ax) classifier. However, in the expert study, MLR performs 

better than the MDTW approaches. Because of superior performance in the basic data set and 

the validation study, the DTW KDE (ax) classifier is the superior approach for the LCA 

datasets in terms of 𝐿𝑀
1 . Notably, the longitudinal acceleration leads to the best results in the 

prediction of the comfort of a lane change probably because a lane change on the highway is 

commonly conducted to overtake another vehicle. Therefore, it is possible that much higher 

longitudinal accelerations occur than lateral accelerations. The values of 𝐿𝑀
1  of the highest 

performing classifiers range from 𝐿𝑀
1 = 1.39 up to 𝐿𝑀

1 = 2.12. 

𝑂𝐶𝛽
𝛾
 is displayed in the lower panel of Figure 5.16. The lowest 𝑂𝐶𝛽

𝛾
 of the respective dataset 

is marked in green. The lowest 𝑂𝐶𝛽
𝛾
 in the basic data set could be achieved by NN. MLR has 

the lowest 𝑂𝐶𝛽
𝛾
 in the expert study, and the lowest 𝑂𝐶𝛽

𝛾
 in the validation study comes from 

the DTW KDE (stea) classifier. Therefore, a clear superior algorithm cannot be determined 

in terms of 𝑂𝐶𝛽
𝛾
. 

Therefore, deciding which algorithm has the superior performance in the LCA datasets is 

difficult. MLR was superior in terms of 𝐴𝑐𝑐𝑎𝑑, whereas the MDTW KDE (ax) classifier was 

superior in 𝐿𝑀
1 . In terms of 𝑂𝐶𝛽

𝛾
 no conclusion could be attained regarding which approach is 

superior. Therefore, it can be concluded that the MDTW approaches perform equally well in 

the LCA datasets as the state-of-the-art methods. As discussed in Section 5.4.3, a lane change 

is a really complex phenomenon that can have many possible variants and influences on 

comfort perception. The results on the LCA datasets showed that especially for sparse data, a 

robust approach like the MLR can lead to a high 𝐴𝑐𝑐𝑎𝑑. However, it is still not clear if MLR 

is good classifier. Although it can lead to a high 𝐴𝑐𝑐𝑎𝑑, it has a serious flaw, which will be 

explained in the following.  
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Figure 5.16: Overall comparison of the MDTW classifiers with the state-of-the-art methods on the lane 

change assistant (LCA) dataset with the adj. Accuracy, L1M measure, and ordinal classification index. 
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The model that was built in the MLR did not predict the values 1, 2, 3, and 7 in the validation 

study simply because the plane is too flat (limitation of linearity). This can be seen in Table 

5.4, where the confusion matrix of the MLR on the validation study of the LCA is displayed. 

It can be seen that the comfort levels 1, 2, 3, and 7 are never predicted. However, these are 

the most important classes. For the objective assessment of ADAS, it is especially important 

to know when a maneuver was assessed with very low comfort. 
Table 5.4: Confusion matrix of the multiple linear regression on the validation study of the lane change 

assistant. 

  Predicted Class 
  1 2 3 4 5 6 7 

Tr
u

e 
C

la
ss
 

1 0 0 0 0 1 0 0 
2 0 0 0 0 3 0 0 
3 0 0 0 0 8 3 0 
4 0 0 0 1 32 19 0 
5 0 0 0 0 50 91 0 
6 0 0 0 1 104 203 0 
7 0 0 0 0 14 17 0 

Especially in these corner cases, the MDTW approaches have a high performance because of 

their higher flexibility due to their non-linearity. However, the predictions tend to be more 

heterogeneous and are not as robust as the prediction of MLR. Table 5.5shows the confusion 

matrix of the DTW KDE (ax) classifier on the LCA basic data set. It can be seen that this 

classifier predicts all classes and even predicts low comfort (1) correctly twice. However, the 

spread of the predictions is way higher than for the MLR, which can be seen in the red and 

yellow areas.  
Table 5.5: Confusion matrix of the DTW KDE (ax) classifier on the basic data set of the lane change 

assistant. 

  Predicted Class 
  1 2 3 4 5 6 7 

Tr
u

e 
C

la
ss
 

1 2 0 0 0 0 0 0 
2 0 0 2 1 3 3 1 
3 0 2 4 2 7 21 1 
4 1 1 2 0 10 21 6 
5 0 1 4 4 15 53 3 
6 0 1 9 5 23 109 11 
7 0 0 2 3 9 77 4 

In conclusion, the MLR is a robust approach for the detection of the first tendency of comfort 

assessment. It is therefore still an important approach for the objective assessment of ADAS. 

However, to predict very specific and rare effects on comfort assessment, the MDTW 

approaches seem to be more promising. A more detailed assessment also requires higher data 

volumes, especially for classes that are sparse like comfort levels below 4. This example 

shows that a dataset with a small coverage of the possible scenarios can lead to a very 

inconsistent assessment and as a result to a poor prediction performance.  
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However, for the prediction of the validation study, the data from the basic data set and the 

expert study were combined. The high performance of the MDTW approaches on the 

validation study shows that an increase of the data indeed shows a high potential for an 

increase in the prediction performance. Therefore, it can be assumed that the performance of 

the MDTW classifiers will overtake the performance of the MLR in the future. 

Adaptive Cruise Control 

The prediction performance in the ACC datasets is displayed in Figure 5.17, where 𝐴𝑐𝑐𝑎𝑑 is 

depicted in the upper panel. The highest 𝐴𝑐𝑐𝑎𝑑 of the respective dataset is marked in green. 

In this comparison, MLR has the highest 𝐴𝑐𝑐𝑎𝑑 in the basic data set, which is about 8% higher 

than the 𝐴𝑐𝑐𝑎𝑑 of the MDTW approaches. In the validation study, the DTW 4-NN (ax) 

classifier has the highest 𝐴𝑐𝑐𝑎𝑑 = 91%. The accuracy of NN is much worse than that of the 

other classifiers. Thus, 𝐴𝑐𝑐𝑎𝑑 of MLR and the MDTW approaches is equally high and none 

of the algorithms dominate the other. 𝐴𝑐𝑐𝑎𝑑 of the highest performing classifiers varies 

between 𝐴𝑐𝑐𝑎𝑑 = 75% and 𝐴𝑐𝑐𝑎𝑑 = 91%. 

𝐿𝑀
1  is displayed in the middle panel of Figure 5.17. The lowest 𝐿𝑀

1  of the respective dataset is 

marked in green. The lowest 𝐿𝑀
1  in the basic data set was achieved by the weighted MDTW 

5-NN classifier. In the validation study, MDTW KDE showed the lowest 𝐿𝑀
1 . Therefore, the 

average deviation of the predicted class from the actual class tends to be low with the MDTW 

approaches. Therefore, the MDTW approaches could outperform the state-of-the-art methods 

in terms of 𝐿𝑀
1  of the ACC datasets. The values of 𝐿𝑀

1  of the highest performing classifiers 

range from 𝐿𝑀
1 = 1.11 up to 𝐿𝑀

1 = 1.53. 

𝑂𝐶𝛽
𝛾
 is displayed in the lower panel of Figure 5.17. The lowest 𝑂𝐶𝛽

𝛾
 of the respective dataset 

is marked in green. The lowest 𝑂𝐶𝛽
𝛾
 in the basic data set could be achieved by the DTW KDE 

(ax) classifier. The DTW 4-NN (ax) classifier showed the lowest 𝑂𝐶𝛽
𝛾
 in the validation study. 

Therefore, the MDTW approaches could outperform the state-of-the-art methods in terms of 

𝑂𝐶𝛽
𝛾
 of the ACC datasets. However, the prediction of the observations in the basic data set 

seems to be more challenging for the classifiers than in the validation study. The observations 

of the validation study could be more homogeneous and lead to easier prediction than the 

observations of the basic data set. The 𝑂𝐶𝛽
𝛾
 of the highest performing classifiers varies 

between 𝑂𝐶𝛽
𝛾

= 0.51 and 𝑂𝐶𝛽
𝛾

= 0.70. 

Because the MDTW approaches led to the highest prediction performance in terms of 𝐿𝑀
1  and 

𝑂𝐶𝛽
𝛾
 and were equal in terms of 𝐴𝑐𝑐𝑎𝑑 like the state-of-the-art methods, the MDTW 

approaches were found to be better predictors in the ACC use case. The DTW 4-NN (ax) 

classifier has the highest 𝐴𝑐𝑐𝑎𝑑 of the MDTW classifiers and performs comparably well on 

𝐿𝑀
1  and 𝑂𝐶𝛽

𝛾
. Therefore, it is the highest performing approach in this comparison. In this 

comparison, only the three ACC maneuvers “cut in”, “cut out”, and “approach” were 

considered. However, there are many additional maneuvers that can occur during ACC 

operation. Therefore, it would also be interesting to conduct studies to further analyze this 

behavior. 
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Figure 5.17: Overall comparison of the MDTW classifiers with state-of-the-art methods on the adaptive 

cruise control (ACC) dataset with the adj. Accuracy, L1M measure, and ordinal classification index. 
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Discussion 

The experimental results of this section showed the potential of an MDTW-based 

classification approach for the objective assessment of ADAS.  

In the assessment of LKA, the proposed classifiers clearly outperform the state-of-the-art 

methods, are easily designed, and are highly transparent. Thus, it was possible to extract more 

valuable information from the data than with the classical feature-based approaches. For 

assessment of the LKA use case, high amount of data (2213 observations) was available, the 

comfort perceptions were equally distributed on all levels, and there was only one variable. 

These three factors enabled high prediction performance and show the potential of the entire 

methodology. In this use case, the space of observations is well distributed, and for most of 

the new observations, there are plenty of already known observations.  

However, the LCA use case did not have the same conditions. With a comparably low number 

of observations (423) and a high variety of possible lane change scenarios, this use case is 

much more complex and shows that there is still room for improvement. Especially for sparse 

data and a high imbalance of subjective perceptions, the MDTW-based approaches lack the 

robustness of approaches such as MLR. However, this approach has high potential. Because 

no hypotheses must be formulated before the experiment, the process of data generation is 

easier with the MDTW approaches compared with MLR. With respect to increasing data 

generation, the potential of the MDTW approaches as future methods in the objective 

assessment of ADAS clarifies. In the LKA dataset with 𝑘 = 5, the variation of the human 

assessment could be handled well and the performance of the DTW classifier was high. 

However, in the LCA datasets, 𝑘 = 2 led to the best results. A small value of 𝑘 is prone to 

outliers. However, sparseness of bad comfort assessments, e.g. for 𝑘 = 5, can lead to worse 

results because the majority of neighbors would be high comfort in most of the cases. 

Therefore, a low comfort could hardly be predicted. Thus, a more balanced dataset would 

enable the increase of 𝑘 and consequently would increase the robustness of the classifier. 

ACC is an ADAS that has been in the market for the longest time and has the widest 

distribution. Especially on the highway, it can be activated permanently, leading to a 

multitude of situations that must be handled by the assistance system. These situations vary 

depending on the surroundings like the cut-in or cut-out of other cars. In addition, the 

deceleration or acceleration of the car is highly important. Furthermore, the level of velocity 

is important, as ACC can also be used at a standstill. In particular, because of the importance 

of this assistance system and the large variety of scenarios, the objective assessment is crucial. 

Therefore, the high prediction performance of the MDTW classifiers with a comparably small 

basic data set of 355 observation is impressive and promising for the future. In the objective 

assessment of LCA, the number of observations was higher, but the prediction performance 

was low. The decisive difference between the ACC and LCA use cases is that the ACC 

maneuvers are mainly defined by the longitudinal dynamics. Therefore, most information 

about the scenario is included in the longitudinal acceleration and the distance to the target 

vehicle. However, in the case of a lane change, a combination of longitudinal and lateral 

dynamics occurs. As determined in this comparison, this complexity is challenging for the 

classifiers.  
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To understand the prediction performance in more detail, the confusion matrix needs to be 

analyzed in detail. An optimal classifier would have most of the entries in the diagonal of the 

confusion matrix. However, both the confusion matrices of Table 5.4 and Table 5.5 are not 

optimal. The confusion matrix of MLR has its entries mainly in the diagonal. However, it 

does not predict classes 1, 2, 3, and 7 at all. The DTW KDE (ax) classifier predicts all classes 

but shows wide variation of prediction, and the differences between the predicted class and 

the actual class can be high. In particular, the area marked in red over the diagonal is critical, 

which denotes the observations that were assessed as low comfort by the study subjects, but 

were misclassified as highly comfortable by the classifier. Therefore, it would be desirable to 

have a classifier that is more critical with a tendency for prediction of lower comfort levels as 

opposed to a classifier that is not critical enough. In conclusion, it is always advised to not 

only trust the performance measures to choose a classifier but to also check the confusion 

matrix for the desired behavior (most entries on the diagonal). 

In terms of the performance measures, the conclusions from Sections 5.4.2 and 5.4.3 could 

be confirmed in this section as well. 𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 provide similar results, while 𝐿𝑀

1  provides 

an additional view on the prediction performance. However, the performance evaluation of 

the approaches is not perfect yet because MLR seems to be the outstanding approach in the 

assessment of LCA, even if 4 out of 7 classes were not predicted at all. Therefore, the 

confusion matrix is the final tool that should guide the decision for choosing an approach. 

Objective assessment of ADAS is a highly complex topic, where many different driving 

situations must be mastered. In particular this section showed that there is no single classifier 

that is dominant in all performance measures of all three use cases. The complexity of the 

scenario and the available amount of data are determining factors in the prediction 

performance of the classifiers. The MDTW approaches and MLR have their strengths and 

weaknesses, depending on the use case. While MLR tends to be a more robust approach, the 

MDTW approaches can recognize special or more extreme cases. Thus, it is recommended to 

use both approaches and a combination could also be promising. 

After the prediction performance of the classifiers has been presented and discussed in this 

chapter, in Chapter 6, the entire methodology is discussed. 
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6 Discussion and Reflection 

In this chapter, the study is discussed. Because the main contribution of this study is the 

methodology and its application that was presented in Chapters 3, 4 and 5, this discussion 

starts with a discussion of the experimental results in Sections 6.1 and 6.2. In Section 6.3, 

general aspects that occurred during this research are discussed. 

6.1 Discussion of the Process for Determining the Most Important 

Variables 

In this section, at first the clustering results of the LCA and the ACC datasets are discussed. 

Afterwards follows a discussion about the entire procedure of determining the most influential 

variables that was presented in chapter 3. 

Lane Change Assistant 

The process of determining the most influential variables in the assessment of the LCA is 

discussed in Section 5.3.2. The optimization according to the 𝑃𝑢𝑟𝑖𝑡𝑦 resulted in the following 

weighting of the variables: longitudinal acceleration (0.3), lateral acceleration (0.1), velocity 

(0), and steering angle (0.6). This is a consistent result because the weighting of the second 

highest 𝑃𝑢𝑟𝑖𝑡𝑦 is similar to this result. According to this weighting, the steering angle has the 

highest impact on comfort perception of a lane change. This result is plausible because the 

lane change is initiated by the driver turning the steering wheel and in the basic data set the 

lane changes were conducted manually. Therefore, the steering wheel is the main possibility 

for the driver to influence the lateral dynamics of the car. According to the optimization, in 

particular, velocity has no influence on comfort perception. Of course, it is not possible to 

determine the comfort of a lane change only based on a specific level of velocity. A lane 

change does not necessarily have to be uncomfortable just because it is conducted at 

130 𝑘𝑚/ℎ as opposed to 60 𝑘𝑚/ℎ. However, there can be a large difference between a high-

velocity lane change and a low-velocity lane change. Therefore, velocity seems to be an 

indirect variable. This means that it could be used as a “filter” for the k-NN classifier to only 

compare the new observation with observations of a similar velocity level. This can lead to 

an improvement because the same lateral acceleration, for example, could be perceived 

differently at different levels of velocity. This result especially shows that it is indeed useful 

to conduct a plausibility check of the results. Surprisingly, the longitudinal acceleration is 

weighted higher than the lateral acceleration. One reason could be that most of the information 

of the lateral acceleration is also stored in the steering angle. Because the steering angle results 

in lateral acceleration, the time series are similar. Another reason is that the study for the basic 

data set of the LCA dataset was conducted in real traffic. The goal of this study was to record 

realistic lane changes. On the highway, the reason for a lane change in many cases is that the 

driver wants to overtake another vehicle. If a lane change is conducted to overtake another 

vehicle, the longitudinal acceleration is higher than the lateral acceleration. As a result, 

maneuvers with strong acceleration or deceleration are perceived more intensely by the driver 

than small variation of the lateral acceleration. 
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Adaptive Cruise Control 

The process of determining the most influential variables in the assessment of the ACC dataset 

was discussed in Section 5.3.3. The optimization according to the 𝑝𝑢𝑟𝑖𝑡𝑦 resulted in the 

following weighting of the variables: longitudinal acceleration (0.5), velocity (0.3), and 

distance to target object (0.2). This is a consistent result because the weighting of the second 

highest 𝑝𝑢𝑟𝑖𝑡𝑦 is similar to this result. It is plausible that the longitudinal acceleration has the 

highest impact on the comfort perception of the ACC. ACC maneuvers are defined mainly by 

the longitudinal dynamics of the vehicle, and the acceleration or deceleration characteristics 

are crucial. Maneuvers with high deceleration affect drivers the most. In contrast to the LCA 

use case, velocity affects comfort assessment of the ACC according to the weighting. This is 

probably because the ACC maneuvers in this study were conducted on a test track, where 

decelerations were up to 6 𝑚/𝑠². Therefore, the time series of the velocity showed high 

changes, which makes it easier for the DTW algorithm to distinguish different patterns. 

Because of the small accelerations in the lane change scenarios, the velocity of the lane 

changes was almost constant in most of the cases, which impedes the extraction of patterns. 

Another factor is the availability of observations. With a high amount of observations, small 

deteriorations can be detected in the velocity. However, with a low amount of observations, 

DTW can only distinguish rough patterns in the velocity and it makes sense to take the 

acceleration into account. Also, accelerations can have a different impact in different levels 

of velocity. In low velocity examples, a higher acceleration could be tolerable as opposed to 

scenarios with high velocity. It is also plausible that the influence of the distance to the target 

object is small. In situations, where the distance is not critical, it is almost not considered for 

the comfort, and accelerations are of higher importance. Therefore, the distance to the target 

object is not relevant for comfort in majority of the cases. However, in situations where the 

distance is perceived as critical, it has a high influence on comfort assessment. Similar to the 

velocity in the LCA use case, the distance to the target object is rather an indirect variable. It 

should be used to only compare situations with a similar time series of distances to ensure 

that either only critical observations or only non-critical observations are used for prediction. 

General Discussion 

The LCA and ACC use cases showed that the clustering can indeed lead to plausible results 

regarding the weighting of the variables. Knowledge generation during the clustering process 

is especially valuable for the user because the characteristics of the data can be learned. Apart 

from determining the optimal weighting of the variables, clustering can be used for a 

description of the scenarios occurring and can provide a suggestion of comfortable behavior 

for the calibration. These benefits are explained in more detail in Section 3.1. Therefore, it is 

indeed an important process that should be conducted for every new dataset in the objective 

assessment of ADAS.  

However, this optimization faces a challenge. Section 5.4.3 showed that the multivariate 

approaches, optimized by the 𝑝𝑢𝑟𝑖𝑡𝑦, did not lead to a higher prediction performance than 

the univariate classifiers. This is because the optimization of the weighting according to a 

cluster validation index like 𝑝𝑢𝑟𝑖𝑡𝑦 does not necessarily lead to the same weighting as an 

optimization according to a prediction performance measure like 𝐴𝑐𝑐𝑎𝑑. Therefore, the 
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question that arises is which optimization criterion should be used to determine the most 

important variables. As discussed in Section 3.1, measures of the prediction performance like 

𝐴𝑐𝑐𝑎𝑑 are widely used in literature to compare different classifiers. However, with distance-

based classifiers, it is possible that for the prediction performance on a validation dataset, only 

a subset of the basic data set is used. Therefore, the performance of the rest remains unseen 

(see Figure 3.2 in Section 3.1). Since a cluster validation index like 𝑝𝑢𝑟𝑖𝑡𝑦 assesses the entire 

dataset, it tends to be a more robust approach. However, since the prediction performance is 

also important, it is recommended to optimize the weighting according to both optimization 

criteria and compare the difference in the respective weightings. When both are similar, the 

decision is easy. High differences can hint toward problems with the dataset or the conduct 

of the study. In the used data sets, both optimization criteria pointed in a similar direction 

regarding the variables. 

Furthermore, the decision for the right cluster validation index (CVI) is not easy. CVI-based 

optimization can lead to trivial results. For example, if 𝑝𝑢𝑟𝑖𝑡𝑦 is used, a clustering with only 

singletons would lead to the highest purity. However, this clustering does not contain much 

information. Therefore, it is advised to check the clustering result with the optimal 𝑝𝑢𝑟𝑖𝑡𝑦 to 

avoid a trivial solution. Additionally, the purity only considers the uniqueness of the classes 

in a cluster and does not take the value of the data points into account. Therefore, the clusters 

𝐴 = [5,6,7] and 𝐵 = [1,4,7] have the same purity, whereas the comfort perceptions in 

cluster 𝐴 are more homogeneous than the comfort perceptions in cluster 𝐵 because both 

clusters contain the same amount of unique elements. A CVI that takes the distance between 

the comfort assessments into account could deal with this problem. However, there is a 

multitude of possible solutions with their respective pitfalls. Therefore, the combination of 

expert knowledge with the CVI can be promising to sufficiently assess the clustering. 

In Section 3.3, the elbow criterion was presented to obtain the optimal number of clusters. 

However, clustering in general is an iterative process of information generation. Therefore, 

different clusterings with different amounts of clusters should be considered. With this 

explorative procedure, different patterns can be discovered on different levels of granularity. 

Small numbers of clusters tend to deliver the main patterns, while a high number of clusters 

distinguishes the patterns with more details. In summary, the process of clustering can be 

interesting for the user and can lead to a detailed view of the data. 

6.2 Discussion of the Classifiers 

For clarity, the specific discussion of the classification results was already conducted in 

Sections 5.4.2, 5.4.3, and 5.4.4, where the regular k-NN classifier was compared with the 

weighted k-NN classifier, univariate DTW was compared with MDTW, and an overall 

comparison was conducted. Therefore, this discussion only summarizes and extends by a 

general discussion of the classifiers.  

k-NN vs. weighted k-NN 

The comparison of the regular k-NN classifier with the weighted k-NN classifier showed an 

improvement in 𝐴𝑐𝑐𝑎𝑑 and 𝑂𝐶𝛽
𝛾
 and consequently an improvement of the prediction 
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performance. Therefore, the improvements that were anticipated in Section 4.3.2 could be 

realized. Since the computational complexity of the weighted k-NN is not significantly higher 

than that of the regular k-NN, it is advised to use the weighted version for better results. 

However, this comparison also showed that the prediction performance of the classifiers on 

the different use cases highly differs. The LKA use case could be predicted best, while the 

classifiers struggled with the LCA use case. The performance on the ACC datasets was in 

between the other two use cases mainly because of the differences in the complexity of the 

scenarios and the number of available observations.  

Univariate DTW vs. MDTW 

The comparison of the univariate DTW classifiers with the MDTW classifiers had the most 

surprising results. It was anticipated that an increase in the number of variables would 

improve prediction. However, the opposite was observed for both multivariate use cases, LCA 

and ACC. This was because of the curse of dimensionality in combination with the 

comparably small number of observations. Therefore, the space of observations rises by the 

power of 𝑛 for every new dimension. Thus, it is increasingly difficult to find similar 

observations in a high multi-dimensional space. Further, the introduction of additional 

variables not only increases the amount of information but also increases the noise and 

distraction for the classifier. It is assumed that a larger number of observations will lead to a 

better performance because the variety of scenarios could be displayed with more detail. 

Comparison of the MDTW Classifiers with the State-of-the-Art Methods 

The results of the comparison of the MDTW classifiers with the state-of-the-art methods 

showed that for two use cases (LKA and ACC), the MDTW classifiers could clearly 

outperform the state-of-the-art methods. The LCA datasets were the most challenging for the 

MDTW classifiers and unveiled its lack of robustness (in comparison with MLR) in the case 

of sparse data. Notably, for this comparison, the performance measures do not seem to be 

optimal yet. In the case of the LCA, MLR is the best approach according to 𝐴𝑐𝑐𝑎𝑑. However, 

according to the confusion matrix in Table 5.4, MLR does not predict classes 1, 2, 3, and 7 at 

all. However, the DTW KDE (ax) classifier performs better for 𝐿𝑀
1 , and the confusion matrix 

in Table 5.5 indeed shows that this classifier predicts all classes. This example highlights the 

importance of 𝐿𝑀
1  as a performance measure to choose a classifier that can distinguish between 

high comfort and low comfort observations. 

General Discussion  

Section 5.4 showed that the three use cases LKA, LCA, and ACC greatly differ from each 

other in terms of complexity and clarity of the comfort perception. The main purpose of the 

LKA is to drive in the center of the lane with almost no deviation, and the number of possible 

scenarios is rather limited. However, the desired behavior of LCA is not as clear because in 

some situations a low dynamic maneuver is desired, while other situations demand for more 

dynamic maneuvers. In addition, the possible number of situations is almost countless, 

depending on the other traffic subjects and even the road characteristics. It was shown that 

high volumes of data can indeed lead to high performance predictions, as shown in the LKA 

case. However, with an increasing amount of data, other classifiers can also be more 

promising because the calculation complexity of the nearest neighbor approach increases with 
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the number of observations in the training dataset. Furthermore, the central question of the 

generalizability of the classifiers is especially critical in the objective assessment of ADAS. 

To assess ADAS as realistically as possible, the study must be conducted in real traffic. 

However, real traffic has high variations in terms of surrounding conditions which could 

possibly affect the subjective perception of the study subjects. The communication of the 

prediction performance to the expert is also a challenging task. The classifiers must work 

online in the vehicle (see Section 4.7). However, during a short test drive, only a couple of 

scenarios occur. Therefore, the impact of the variation on the prediction performance is quite 

high. Therefore, it is possible that the classifier performs badly in such a short test drive, even 

if the performance in a study was high. Therefore, this sample check of the prediction 

performance is critical and the real performance can only be determined with a study of 

sufficient size.  

This discussion of the classifiers is followed by a more general discussion of the entire 

methodology, highlighting contains interesting aspects that were detected during this 

research. 

6.3 Overall Discussion of the Methodology  

This section contains the overall discussion of the methodology and highlights interesting 

insights and challenges that occurred during this research. At first, the challenges of classifiers 

in the objective assessment of ADAS are summarized. Next, the study design is discussed. 

This section ends with the practical application of this methodology.  

6.3.1 Challenges of Classifiers in the Objective Assessment of ADAS  

In this section, the challenges faced while choosing a classifier are explained, and the 

coverage of the dataset is discussed. Furthermore, the concept of hubness is introduced, and 

the necessity of a high prediction performance is justified.  

Choice of a Classifier with Unclear or Contradictory Requirements 

In the beginning of this study, the requirements of the experts regarding the methodology 

were collected to choose a suitable technique in the area of pattern recognition and machine 

learning. On the one hand, the methodology should be easy to interpret and highly traceable. 

On the other hand, highly complex patterns should also be easily detected. This can be a 

fundamental clash because most of the more advanced machine learning methods are not easy 

to understand for the user. Furthermore, some experts focused on specific methods without 

providing requirements at all. NNs were mentioned frequently because they are hyped in the 

area of machine learning. Another clash was that the previous studies mostly focused on 

characteristic values, which can be easy to interpret in some cases, like the maximum 

acceleration, and can be difficult in others. Moreover, the formulation of these characteristic 

values can also be challenging. The potential influences on the comfort perception led to 

heated discussions between the experts. Due to their extensive experience, the experts tended 

to think of special cases that can be critical for comfort assessment. However, these special 

cases rarely occur, and at first, the general and highly frequent cases must be assessed. In 
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addition, the experts tended to make comfort assessments more critically than study subjects. 

Because of their experience, the experts assessed nuances like a small distortion in the lateral 

control, which would not be detected by a normal driver. This knowledge is very important 

but hard to display in the methods that are mostly built on data from previous studies.  

Of course, not all requirements can be met by a single method. Therefore, the requirements 

in this study had to be prioritized with the main priority being the interpretability of the 

methods and the avoidance of feature engineering. These requirements have been successfully 

met, which can be seen with the MDTW-based k-NN classifier. 

Coverage: The Long Tail and Curse of Dimensionality 

[Murphy, 2012] states that even when an apparently massive dataset exists, the effective 

number of data points for certain cases of interest might be quite small. This is especially true 

for the objective assessment in real traffic. This effect is known as the long tail. A few 

observations are very common but most observations are quite rare [Murphy, 2012]. With 

ADAS, there are a couple of situations that occur all the time like a small deceleration of the 

target object in an ACC scenario. However, not just one but multiple low comfort lane 

changes occur. Furthermore, a second effect also occurs called the curse of dimensionality, 

which is a common problem in machine learning [Murphy, 2012]. With an increase of 

variables, a specific scenario can be described more accurately. However, the possibilities of 

combinations of these variables considerably rise. Moreover, this calculation is just done for 

scalars. With respect to multivariate time series, the n-dimensional space of scenarios is 

extremely high because it is uncommon for two time series of measurement variables to be 

identical in real traffic. 

Therefore, in theory, the approach with MDTW k-NN should not work because the time series 

are almost never exactly the same. However, the results showed that the approach is robust 

enough for a reasonable prediction. The questions that arise are “when do we have enough 

data?” and “how many of the possible situations do we know already?” The solution lies in 

the combination of the long tail and the curse of dimensionality. Situations that are really 

common can be predicted very well because they occur frequently and enough data regarding 

them exists. Therefore, a major part of the situations can be predicted quickly. However, for 

rare situations, it is hard to estimate how many situations really exist and if they will be 

predicted accurately. In contrast, the most frequent situations are also the most comfort 

relevant situations for the customer in the first place. These are the situations that the customer 

is confronted with all the time. If the ADAS is very uncomfortable in these situations, the 

customer will not use it. Furthermore, in such cases it will not matter if the ADAS can cope 

well with rare situations. In the long run, the customer will get accustomed to the function 

and will experience more rare situations (corner cases). These corner cases can be comfort 

critical because they can reduce the trust and pleasure of the function immensely.  

The results of the validation study showed that the majority of situations could be correctly 

classified (clearly over random). Therefore, the classifiers seem to be working well. Because 

the number of possible situations is not known, it is not possible to directly calculate, how 

good the coverage already is. For an indirect calculation, there are multiple possibilities. On 

the one hand, a reference track could be defined that comprises relevant scenarios. Then, the 

prediction accuracy can be tested on this track to obtain an estimate. On the other hand, it 
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would be possible to estimate the coverage by the learning rate. This is especially promising 

with active learning. If the classifier comes to a point where almost no new observations must 

be learned, the coverage should be quite good (see Section 4.6). 

The Concept of Hubness 

In Section 5.4.3, it was concluded that the MDTW approach lacks the robustness of linear 

regression. Therefore, it can be promising to increase the robustness of the classifier. Hubness 

refers to a solution for the problem [Tomasev et al., 2011]. Observations with bad hubness 

have a dissimilar subjective assessment than their closest neighbors. It is therefore a measure 

of homogeneity. Higher homogeneity could lead to a more robust classifier. However, it is 

assumed that because of the high number of high comfort scenarios, all the low comfort 

scenarios could be eliminated to achieve a higher homogeneity. A limitation of the change of 

bad hubs could solve that conflict. For example, only the worst 5, so called, bad hubs could 

be changed. The prediction performance could be used as a measure to determine the optimal 

number of bad hubs that are changed. Furthermore, it can also be promising to take a closer 

look at the good hubs. These are scenarios that are perceived homogeneously, so most drivers 

assess this driving behavior as comfortable or uncomfortable and there is no dispute. If these 

are low comfort scenarios, they should be managed by the driving function because otherwise 

a large number of drivers will not like it. 

Necessity of High Prediction Performance   

A central challenge of an automated objective assessment of ADAS is the control of the entire 

process in terms of scenario detection and scenario assessment. However, both of these 

process steps have an inherent fuzziness, because not all scenarios are correctly recognized 

and not every scenario is correctly assessed. Therefore, if 80% of the scenarios are correctly 

recognized, the accuracy 𝐴𝑐𝑐𝑎𝑑 = 80%, and the total accuracy is 𝐴𝑐𝑐𝑎𝑑 = 64%. This is 

already close to 50% and not enough for an automated assessment process. In this study, the 

scenarios were manually detected, which led to a higher total accuracy. However, to secure 

automated application of the methodology, scenario detection must also be mastered. 

Otherwise, it would impede the objective assessment of different vehicles or software, 

because of the lack of reliability. After the general problems with the classifiers and the data 

have been discussed in this section, the study design is discussed in Section 6.3.2. 

6.3.2 Study Design for an Objective Assessment of ADAS 

Because the importance of the data quality has been emphasized multiple times in this thesis, 

this section focuses on the special challenges and requirements of the study design and the 

conduct. 

Study Design 

The design of the study was challenging. The goal was for the validation study to generate 

situations that are close to HAD. However, it is really challenging for the subjects to assess 

different driving functions in one driving scenario. Some focus on lateral dynamics, others on 

longitudinal dynamics, and some on the distances to other traffic participants or solid barriers. 

Consequently, which aspect has been rated is not always clear, and this makes building the 
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model challenging. This can be the case when a subject focuses on lateral dynamics, which 

could be inconspicuous, while the longitudinal dynamics show an abnormal pattern. Thus, the 

subject will rate the situation with high comfort because he simply could not focus on both. 

In addition, the capacity of the subjects can be limited, and they should not be questioned too 

frequently. Otherwise, they will give random (in general high comfort) ratings because the 

perceived workload is simply too high. 

The habituation effect is also a big problem. The driving functions are good in many 

situations, but bad in a few (see Section 6.3.1). Therefore, if a subject drives LCA for the first 

time, for example, he is surprised that it works and the positive effect is so high that low 

comfort ratings will rarely be considered. However, as a real customer also experiences this 

positive effect, the habituation effect is stronger in the long run. If a customer drives many 

kilometers with the ADAS, he gets used to the function and notices its limitations very clearly. 

Therefore, he might criticize certain situations that hardly occur in a study because they are 

so rare. It can be possible that these situations cause the customer discomfort. An example of 

such a case can be the malfunction of LKA at a special section of the highway. When this 

malfunction only appears on this special section, it cannot be displayed in a study. However, 

all customers that drive in this section, e.g., every day for work, will often experience this 

situation and lose trust in the system. In addition, the customer becomes more critical in his 

comfort assessment during the use of the function. He gets accustomed to the function and is 

no longer surprised when it works and is rather annoyed when it does not work appropriately. 

This is described with the Kano model according to [Sauerwein et al., 1996] in Figure 6.1. 

 
Figure 6.1: The Kano model according to [Sauerwein et al., 1996]. 

A new function like the LCA begins on the top left in Figure 6.1. It is an attractive function 

that is not expected by the customer. When the customer first uses LCA, he is positively 

surprised that it works. After a period of usage, the function becomes one-dimensional. 

Therefore, the customer is satisfied with an increasing performance of the function. In the 

case of LCA, the more lane changes can be conducted, the better the function might be 
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perceived. If time passes on, this function becomes a must-be requirement. The customer 

expects a new car to have an LCA. Otherwise he will not buy it. This accommodation for a 

function is hard to display in a study because the drivers use the function for only one or two 

hours. 

Comfort Scale 

In this study, designing the comfort scale was a major challenge. Because every driver 

perceives comfort slightly differently, every subject of the study evaluating the same 

characteristics and understanding the comfort scale correctly is a challenge. For some 

subjects, comfort always involves low accelerations in every dimension. Other subjects find 

a proper acceleration after a lane change comfortable because they do not want to be a traffic 

obstacle (which would be uncomfortable for them). Generating a universally understood 

definition of different comfort levels is a challenging task which was not the focus of this 

work and rather falls in the field of psychology. 

6.3.3 Application of the Methodology in Practice 

The methodology presented in this thesis shows the possibility of the measurement of an 

expert. An expert could assess a multitude of variations of a specific scenario. This could be 

used as a basic data set. This is promising because the expert conducts assessments with a 

higher consistency than the subjects of a study. Furthermore, the meaningfulness of this 

dataset is high because the expert has great experience in the assessment of driving functions. 

With this measurement of the expert, it could be possible to detect contradictions in the 

assessment, e.g., if two really similar observations are assessed differently from each other. 

This could give a hint for a variable that has not been considered yet or could suggest that the 

expert assessment simply has some variations. 

One possibility of application of the methodology in practice is the planning of the trajectory. 

This could be a two-step decision, where in the first step, the safe trajectories in a scenario 

are determined. In the second step, all possible safe trajectories could be tested for their 

comfort. Thus, the most comfortable and the safest trajectory can be driven. For this online 

assessment, the computational speed of DTW must be significantly reduced. Promising 

methods for accelerating DTW have been proposed [Keogh and Pazzani, 2000; Lohrer and 

Lienkamp, 2016]. 

A second possible application is the use in simulation. Especially for HAD, a part of the 

testing is done in simulation. Therefore, it is interesting not only for scenarios when the 

vehicle crashes during the test drive but also for assessing the comfort of the drive. As a result, 

different saved set ups can tested against each other, and the most comfortable one can be 

chosen. 

The use case of calibration recommendation was already presented in Section 3.1. Different 

calibrations could be tested on a reference route where different scenarios occur. The 

distributions of the comfort levels on the respective scenarios can be compared for different 

calibrations. If one calibration leads to a lower amount of low comfort scenarios than another, 

it is the preferable one. 
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One question that will eventually arise is “who is right when the predictions of the expert and 

the classifier disagree?”  This question is not easy to answer, but the plausibility of the results 

of the classifier plays an important role. If there is visible dissimilarity of the closest 

observations of the k-NN classifier and the new observation, the expert knows that the 

classifier cannot be trusted. However, a high similarity might suggest that some study subjects 

were less or more critical than the expert. Therefore, it is valuable information. In the expert 

interviews of this thesis, the experts claimed that the algorithm did not consider special 

conditions that occurred in the scenario. This can also be a hint for improvement of the 

classifier. 

After the methodology and the results of the studies have been discussed in this chapter, in 

Chapter 7 the conclusion with an outlook to future work will be provided. 
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7 Conclusion and Outlook 

This chapter clarifies the scientific contribution of this work, summarizes the conclusions of 

this thesis and formulates an outlook for future research possibilities. 

7.1 Scientific Contribution of this Work 

The research that was focused on in this thesis is the insufficiency and variety of expert 

opinion in the subjective assessment of automated driving functions (Section 1.3). The main 

contribution of this work is a 2-step procedure of determining the most influential variables 

on the comfort perception and predicting the comfort of new observations. In the first step, 

hierarchical clustering based on multivariate dynamic time warping (MDTW) is used to 

determine the most influential variables on human comfort perception. In this study, 𝑝𝑢𝑟𝑖𝑡𝑦 

is used as measure of the influence of a variable on comfort perception. After the most 

influential variables have been determined, two main classifiers are used to predict the 

comfort based on a distance calculated by MDTW. One is the k-NN classifier and the other 

is a KDE based classifier. To assess the prediction performance, the performance measures 

𝐴𝑐𝑐𝑎𝑑 (Equation 4.15), 𝐿𝑀
1  (Equation 4.17), and 𝑂𝐶𝛽

𝛾
 (Equation 4.19) were used on the three 

datasets, namely basic data set, expert study, and validation study for the LKA, LCA and 

ACC use cases. 

7.2 Conclusion 

The prediction performance on the three datasets of the LKA showed that the methodology 

based on DTW is superior to the state-of-the-art methods and shows high potential. 

Furthermore, this methodology can be easily designed and is highly transparent. However, 

the approaches struggled on the LCA datasets because of the curse of dimensionality and the 

imbalanced comfort distribution of the datasets. Especially for sparse data, the MDTW-based 

approaches lack the robustness of MLR. In the ACC use case, the MDTW classifiers 

performed at least equally well as the state-of-the-art methods. This comparison showed that 

the methodology presented in this thesis is easily applicable to different use cases. While 

MLR is a more robust approach, the MDTW approaches can recognize special or more 

extreme cases. As a result, it is recommended to use both approaches and even a combination 

would be promising. 

7.3 Outlook 

As the discussion showed, the performance of the classifiers varies greatly between the LKA, 

LCA and ACC use cases. Especially for experiments in real traffic, it is extremely challenging 

to generate a balanced dataset that consists equally of high and low comfort observations. 

Therefore, the greatest challenge in objective assessment of automated driving functions is 

not only to develop a classifier but also to secure a valuable basic data set. To obtain more 
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low comfort observations that naturally occur in real traffic, it is essential to gather more of 

data and filter the low comfort scenarios. This could be possible in vehicle fleets that carry 

equipment to detect scenarios and give the drivers the possibility to rate them instantly.  

In addition, the most important scenarios for the objective assessment of automated driving 

functions can be defined in the future. With the increasing capability of automated driving 

functions for handling driving scenarios, the need for assessing the comfort in even more 

complex scenarios had increased because drivers will experience them. The focus should be 

on highly frequent scenarios on the one hand and on scenarios that occur rarely but have a 

high impact on the subjective perception on the other. 



8 References 115 

 

8 References 

Abonyi J, Feil B, Nemeth S, Arva P (2004): Principal Component Analysis based Time 

Series Segmentation - A New Sensor Fusion Algorithm. IEEE CYBERNETICSCOM 

(preprint). 

Aggarwal CC, Reddy CK (eds) (2015): Data clustering: Algorithms and applications. 

Chapman & Hall/CRC data mining and knowledge discovery series. Boca Raton Fla. 

u.a., CRC Press. 

Aghabozorgi S, Seyed Shirkhorshidi A, Ying Wah T (2015): Time-series clustering – A 

decade review. Inform. Syst. 53:16–38. DOI: 10.1016/j.is.2015.04.007. 

Al-Jawad A, Adame MR, Romanovas M, Hobert M, Maetzler W, Traechtler M, Moeller K, 

Manoli Y (2012): Using multi-dimensional dynamic time warping for TUG test 

instrumentation with inertial sensors. IEEE MFI:212–218. DOI: 

10.1109/MFI.2012.6343011. 

Arbelaitz O, Gurrutxaga I, Muguerza J, Pérez JM, Perona I (2013): An extensive 

comparative study of cluster validity indices. Pattern Recogn. 46 (1):243–256. DOI: 

10.1016/j.patcog.2012.07.021. 

Balcan M-F, Blum A, Srebro N (2008): A theory of learning with similarity functions. Mach 

Learn 72 (1-2):89–112. DOI: 10.1007/s10994-008-5059-5. 

Bankó Z, Abonyi J (2012): Correlation based dynamic time warping of multivariate time 

series. Expert Syst. Appl. 39 (17):12814–12823. 

Beggiato M, Hartwich F, Krems J (2018): Physiological correlates of discomfort in 

automated driving. Special Issue “Emerging issues in Human Factors of Vehicle 

Automation" (preprint). 

Begum N, Ulanova L, Wang J, Keogh E (2015): Accelerating Dynamic Time Warping 

Clustering with a Novel Admissible Pruning Strategy. ACM SIGKDD International 

21:49–58. DOI: 10.1145/2783258.2783286. 

Bellem H, Schönenberg T, Krems JF, Schrauf M (2016): Objective metrics of comfort: 

Developing a driving style for highly automated vehicles. Transportation Research Part 

F: Traffic Psychology and Behaviour 41:45–54. DOI: 10.1016/j.trf.2016.05.005. 

Berndt DJ, Clifford J (1994): Using Dynamic Time Warping to Find Patterns in Time 

Series. KDD Workshop:359–370. 

Bishop C (2006): Pattern recognition and machine learning. Information science and 

statistics. New York NY, Springer. 

Bowman AW, Azzalini A (1997): Applied smoothing techniques for data analysis: The 

kernel approach with S-Plus illustrations. Oxford statistical science series. Oxford, 

Clarendon Press, vol 18. 

Cardoso J, SOUSA R (2011): Measuring the Performance of Ordinal Classification. 

International Journal of Pattern Recognition and Artificial Intelligence 25 (8):1173–

1195. DOI: 10.1142/S0218001411009093. 



116 8 References 

 

 

Cazzanti L, Gupta MR, Koppal AJ (2008): Generative models for similarity-based 

classification. Pattern Recognition 41 (7):2289–2297. DOI: 

10.1016/j.patcog.2008.01.005. 

Chandra B, Gupta M (2013): Novel Multivariate Time Series Clustering Approach for E-

Governance of Crime Data. International Conference on Developments in eSystems 

Engineering 6:311–316. DOI: 10.1109/DeSE.2013.62. 

Chen Y, Garcia E, Gupta M, Rahimi A, Cazzanti L (2009): Similarity-based Classification: 

Concepts and Algorithms. The Journal of Machine Learning Research 10:747–776. 

Chipengo U, Krenz PM, Carpenter S (2018): From Antenna Design to High Fidelity, Full 

Physics Automotive Radar Sensor Corner Case Simulation. Modelling and Simulation in 

Engineering 2018 (3):1–19. DOI: 10.1155/2018/4239725. 

Cohn D, Atlas L, Ladner R (1994): Improving generalization with active learning. Machine 

Learning 15 (2):201–221. DOI: 10.1007/BF00993277. 

Dau HA, Begum N, Keogh E (2016): Semi-Supervision Dramatically Improves Time Series 

Clustering under Dynamic Time Warping. ACM International on Conference on 

Information and Knowledge Management 25:999–1008. DOI: 

10.1145/2983323.2983855. 

Decker M (2009): Zur Beurteilung der Querdynamik von Personenkraftwagen. Dissertation. 

Technische Universität München, Lehrstuhl für Fahrzeugtechnik der Technischen 

Universität München, Munich. 

Dominiak C (2014): Objective Characteristics of Advanced Driver Assistance Systems with 

Lateral Guidance Function. Master's Thesis. Technische Universität Darmstadt, Institut 

für Arbeitswissenschaft, Darmstadt. 

Ebner A (2014): Referenzszenarien als Grundlage für die Entwicklung und Bewertung von 

Systemen der Aktiven Sicherheit. Dissertation. TU Berlin, Fakultät V – Verkehrs- und 

Maschinensysteme, Berlin. 

Elbanhawi M, Simic M, Jazar R (2015): In the Passenger Seat: Investigating Ride Comfort 

Measures in Autonomous Cars. IEEE Intelligent Transportation Systems Magazine 7 

(3):4–17. DOI: 10.1109/MITS.2015.2405571. 

Ester M, Kriegel H-P, Sander J, Xu X (1996): A density-based algorithm for discovering 

clusters a density-based algorithm for discovering clusters in large spatial databases with 

noise. Proceedings of the Second International Conference on Knowledge Discovery and 

Data Mining:226–231. 

Festner M, Eicher A, Schramm D (2017): Beeinflussung der Komfort- und 

Sicherheitswahrnehmung beim hochautomatisierten Fahren durch fahrfremde 

Tätigkeiten und Spurwechseldynamik. Uni-DAS: 11.Workshop Fahrerassistenzsysteme 

und automatisiertes Fahren:63–73. 

Freepik (2019): Car vector created by freepik. https://www.freepik.com/free-photos-

vectors/car. 



8 References 117 

 

Fritzsche M (2015): Methoden zur Objektivierung – virtuelle Absicherung von 

Lenksystemen. Entscheidungen beim Übergang in die Elektromobilität:277–288. DOI: 

10.1007/978-3-658-09577-2_19. 

Gao W, Yang B-B, Zhou Z-H (2016): On the Robustness of Nearest Neighbor with Noisy 

Data. arXiv (preprint). 

Gavrila DM, Davis LS (1995): Towards 3-D model-based tracking and recognition of 

human upper body movement: a multi-view approach. International Workshop on Face 

and Gesture Recognition. DOI: 10.1109/ISCV.1995.477010. 

Ghosh AK, Chaudhuri P, Sengupta D (2006): Classification Using Kernel Density 

Estimates. Technometrics 48 (1):120–132. DOI: 10.1198/004017005000000391. 

Gil Gómez GL, Nybacka M, Bakker E, Drugge L (2015): Findings from subjective 

evaluations and driver ratings of vehicle dynamics: steering and handling. Vehicle 

System Dynamics 53 (10):1416–1438. DOI: 10.1080/00423114.2015.1050402. 

Gillian N, Knapp RB (2011): Recognition of Multivariate Temporal Musical Gestures 

Using N-Dimensional Dynamic Time Warping. Proceedings of the International 

Conference on New Interfaces for Musical Expression:337–342. 

Gomez G (2015): Towards efficient vehicle dynamics evaluation using correlations of 

objective metrics and subjective assessments. Licentiate Thesis. Stockholm, Licentiate 

Thesis, KTH Royal Institute of Technology. 

Górecki T, Łuczak M (2015): Multivariate time series classification with parametric 

derivative dynamic time warping. Expert Systems with Application 42 (5):2305–2312. 

DOI: 10.1016/j.eswa.2014.11.007. 

Gou J, Du L, Zhang Y, Xiong T (2012): A New Distance-weighted k-nearest Neighbor 

Classifier. Journal of Information & Computational Science 9 (6):1429–1436. 

Han J, Kamber M (2012): Data mining: Concepts and techniques, ed 3. Haryana, India, 

Burlington, MA, Elsevier. 

Harrer M (2007): Characterisation of Steering Feel. Dissertation. University of Bath, 

Department of Mechanical Engineering, Bath. 

Hartwich F, Beggiato M, Dettmann A, Krems JF (2015): Drive Me Comfortable. 

Customized Automated Driving Styles for Younger and Older Drivers. VDI-Tagung Der 

Fahrer im 21. Jahrhundert 8:271–283. 

Hechenbichler K, Schliep K (2004): Weighted k-Nearest-Neighbor Techniques and Ordinal 

Classification. Sonderforschungsbereich 386, Discussion Paper (399):1–16. 

Holt GA ten, Reinders MTJ, Hendriks EA (2007): Multi-dimensional dynamic time warping 

for gesture recognition. Annual conference of the Advanced School for Computing and 

Imaging 13. 

Hottmann W (2019): Validierung eines Objektivierungstools zur Bewertung von 

hochautomatisierten Fahrfunktionen. Master's Thesis. Hochschule für angewandte 

Wissenschaften München, Department of Mechanical, Automotive and Aeronautical 



118 8 References 

 

 

Engineering, Munich. 

Izakian H, Pedrycz W, Jamal I (2015): Fuzzy clustering of time series data using dynamic 

time warping distance. Engineering Applications of Artificial Intelligence 39:235–244. 

DOI: 10.1016/j.engappai.2014.12.015. 

Janocha K, Czarnecki WM (2017): On Loss Functions for Deep Neural Networks in 

Classification. arXiv (preprint). 

Javanmard A, Montanari A (2014): Confidence intervals and hypothesis testing for high-

dimensional regression. The Journal of Machine Learning Research 15 (1):2869–2909. 

Johnson DA, Trivedi MM (2015): Driving style recognition using a smartphone as a sensor 

platform. IEEE Intelligent Transportation Systems Conference:1609–1615. DOI: 

10.1109/ITSC.2011.6083078. 

Jung Y, Park H, Du D-Z, Drake BL (2003): A Decision Criterion for the Optimal Number 

of Clusters in Hierarchical Clustering. Journal of Global Optimization 25 (1):91–111. 

DOI: 10.1023/A:1021394316112. 

Jungwirth L (2017): Vermessung und objektivierte Bewertung des erreichten Qualitätslevels 

eines Lenk- und Spurhalteassistenzsystems. Bachelor's Thesis. Technische Hochschule 

Ingolstadt, Institute of Informatics, Ingolstadt. 

Kahneman D (2012): Thinking, fast and slow. London, Penguin Books. 

Kale DC, Gong D, Che Z, Liu Y, Medioni G, Wetzel R, Ross P (2014): An Examination of 

Multivariate Time Series Hashing with Applications to Health Care. IEEE International 

Conference on Data Mining:260–269. DOI: 10.1109/ICDM.2014.153. 

Keogh E, Kasetty S (2003): On the Need for Time Series Data Mining Benchmarks: A 

Survey and Empirical Demonstration. Data Mining and Knowledge Discovery 7 

(4):349–371. DOI: 10.1023/A:1024988512476. 

Keogh E, Pazzani M (2000): Scaling up Dynamic Time Warping for Datamining 

Applications. Proceedings of the 6th International Conference on Knowledge Discovery 

and Data Mining 6:285–289. 

Keogh E, Ratanamahatana CA (2005): Exact indexing of dynamic time warping. 

Knowledge and Information Systems 7 (3):358–386. DOI: 10.1007/s10115-004-0154-9. 

Kieckebusch M, Koehler C, Beck H (2016): The influence of highly automated driving on 

the automotive industry. https://mediatum.ub.tum.de/doc/1319480/1319480.pdf. 

Ko MH, West G, Venkatesh S, Kumar M (2008): Using dynamic time warping for online 

temporal fusion in multisensor systems. Information Fusion 9 (3):370–388. DOI: 

10.1016/j.inffus.2006.08.002. 

Kodinariya T, Makwana P (2013): Review on determining number of Cluster in K-Means 

Clustering. International Journal of Advance Research in Computer Science and 

Management Studies 6 (1):90–95. 

Konak S, Turan F, Shoaib M, Incel OD (2016): Feature Engineering for Activity 

Recognition from Wrist-worn Motion Sensors. Proceedings of the 6th International Joint 



8 References 119 

 

Conference on Pervasive and Embedded Computing and Communication Systems:76–

84. DOI: 10.5220/0006007100760084. 

Kräml J (2017): Erarbeitung von objektiven Bewertungskriterien für einen 

Spurwechselassistenten anhand des menschlichen Verhaltens im realen Straßenverkehr. 

Master's Thesis. Technische Universität Ilmenau, Faculty of Mechanical Engineering, 

Ilmenau. 

Krauns F, Sonka A, Henze R, Kücükay F (2017): Objektivierung kombinierter Längs- und 

Querführung. Automatisiertes und vernetztes Fahren: Braunschweiger Symposium 

18:146–164. 

Krüger H-P, Neukum A (2001): Bewertung von Handlingeigenschaften — zur 

methodischen und inhaltlichen Kritik des korrelativen Forschungsansatzes. 

Kraftfahrzeugführung:245–262. DOI: 10.1007/978-3-642-56721-6_16. 

Lange A, Albert M, Bengler K, Maas M, Siedersberger K-H (2014): Automatisiertes Fahren 

- So komfortabel wie möglich, so dynamisch wie nötig. VDI-Berichte (2223). 

Liu J, Zhong L, Wickramasuriya J, Vasudevan V (2009): uWave: Accelerometer-based 

personalized gesture recognition and its applications. Pervasive and Mobile Computing 

5 (6):657–675. DOI: 10.1016/j.pmcj.2009.07.007. 

Lohrer J, Lienkamp M (2016): Building representative velocity profiles using FastDTW and 

spectral clustering. International Conference on ITS Telecommunications:45–49. DOI: 

10.1109/ITST.2015.7377398. 

Machmudi Isa IYA, Zainul Abidin MA, Mansor S (2014): Objective Driveability: 

Integration of Vehicle Behavior and Subjective Feeling into Objective Assessments. 

Journal of Mechanical Engineering & Sciences 6:782–792. DOI: 

10.15282/jmes.6.2014.6.0076. 

Madhulatha TS (2012): An Overview on Clustering Methods. International organization of 

Scientific Research Journal of Engineering 2 (4):719–725. 

Maier P (2011): Entwicklung einer Methode zur Objektivierung der subjektiven 

Wahrnehmung von antriebsstrangerregten Fahrzeugschwingungen. Research Report. 

Karlsruhe, vol 51. 

Maurer M (ed) (2015): Autonomes Fahren: Technische, rechtliche und gesellschaftliche 

Aspekte. Berlin, Springer Vieweg. 

Mei J, Hou J, Karimi HR, Huang J (2014): A Novel Data-Driven Fault Diagnosis Algorithm 

Using Multivariate Dynamic Time Warping Measure. Abstract and Applied Analysis 

(5):1–8. DOI: 10.1155/2014/625814. 

Mei J, Liu M, Wang Y-F, Gao H (2016): Learning a Mahalanobis Distance-Based Dynamic 

Time Warping Measure for Multivariate Time Series Classification. IEEE Transactions 

on Cybernetics 46 (6):1363–1374. DOI: 10.1109/TCYB.2015.2426723. 

Mello RF de, Gondra I (2008): Multi-Dimensional Dynamic Time Warping for Image 

Texture Similarity. Advances in Artificial Intelligence 19:23–32. 



120 8 References 

 

 

Merat N, Jamson AH, Lai FCH, Carsten O (2012): Highly automated driving, secondary 

task performance, and driver state. Human Factors: The Journal of the Human Factors 

and Ergonomics Society 54 (5):762–771. 

Mohabeer H, Soyjaudah S, Pavaday N (2011): Enhancing The Performance of Neural 

Network Classifiers Using Selected Biometric Features. International Conference on 

Sensor Technologies and Applications 5:140–144. 

Montgomery DC (2013): Design and analysis of experiments, 8. ed. Hoboken, NJ, Wiley. 

Moser U, Harmening N, Schramm D (2019): A new method for the objective assessment of 

ADAS based on multivariate time series classification. Stuttgart International 

Symposium Automotive and Engine Technology 19:669–684. DOI: 10.1007/978-3-658-

25939-6_53. 

Moser U, Schramm D (2018): The Use of Multivariate Dynamic Time Warping to 

Determine the Most Influential Variables in ADAS Comfort Perception. 14th 

International Symposium on Advanced Vehicle Control; AVEC '18. 

Moser U, Schramm D (2019): Multivariate Dynamic Time Warping in Automotive 

Applications: A Review. Intelligent Data Analysis 23 (3):535–553. DOI: 10.3233/IDA-

184130. 

Murphy KP (2012): Machine learning: A probabilistic perspective. Massachusetts, The MIT 

Press. 

Neumayer R, Mayer R, Nørvåg K (2011): Combination of feature selectionmethods for text 

categorisation. European conferenceon advances in information retrieval 33:763–766. 

Ng A, Jordan M, Weiss Y (2001): On spectral clustering: analysis and an algorithm. 

International Conference on Neural Information Processing Systems: Natural and 

Synthetic 14:849–856. 

Oregi I, Pérez A, Del Ser J, Lozano JA (2017): On-Line Dynamic Time Warping for 

Streaming Time Series. Machine Learning and Knowledge Discovery in Databases:591–

605. DOI: 10.1007/978-3-319-71246-8_36. 

Oschlies H, Saust F, Schmidt S (2017): Methodik zur Analyse, Auslegung und Bewertung 

einer automatisierten Querführung. Magdeburger Maschinenbau-Tage 13:31–40. 

Pawellek T, Liesner L, Henze R, Kücükay F (2016): Objektivierungsverfahren für eine 

kundenoptimale ACC-Systemauslegung. ATZ-Automobiltechnische Zeitschrift 118 

(4):74–79. 

Petitjean F, Inglada J, Gancarski P (2012): Satellite Image Time Series Analysis Under 

Time Warping. IEEE Transactions on Geoscience and Remote Sensing 50 (8):3081–

3095. DOI: 10.1109/TGRS.2011.2179050. 

Pyle D (1999): Data preparation for data mining. San Francisco, Calif., Morgan Kaufmann. 

Rabiner LR, Juang B-H (1993): Fundamentals of speech recognition. TR Prentice Hall 14. 

Rauch N, Kaussner A, Krueger H-P, Boverie S, Flemisch F (2009): The importance of 

driver state assessment within highly automated vehicles. World Congress and 



8 References 121 

 

Exhibition on Intelligent Transport Systems and Services 16:1–8. 

Rendón E, Abundez I, Gutierrez C, Zagal SD, Arizmendi A, Quiroz E, Arzate HE (2011): A 

comparison of internal and external cluster validation indexes. American conference on 

applied mathematics 5:158–163. 

Ribeiro M, Singh S, Guestrin C (2016): “Why Should I Trust You?”: Explaining the 

Predictions of Any Classifier. Conference of the North American Chapter of the 

Association for Computational Linguistics: Demonstrations:97–101. DOI: 

10.18653/v1/N16-3020. 

Rodriguez A, Laio A (2014): Machine learning. Clustering by fast search and find of 

density peaks. Science 344 (6191):1492–1496. DOI: 10.1126/science.1242072. 

Sauerwein E, Bailom F, Matzler K, Hinterhuber H (1996): The Kano Model: How to delight 

your customers. International Working Seminar on Production Economics 9:313–327. 

Schimmel C (2010): Entwicklung eines fahrerbasierten Werkzeugs zur Objektivierung 

subjektiver Fahreindrücke. Dissertation. Technische Universität München, Institut für 

Maschinen- und Fahrzeugtechnik, Munich. 

Schöggl P, Schrauf M, Holzinger J, Bogner E (2014): Objective assessment of comfort and 

safety of advanced driver assistance systems. Fahrerassistenzsysteme: Internationale 

ATZ-Fachtagung 1. 

Schwarz J, Bruderer Enzler H (2019): Entscheidbaum zu Methoden der statistischen 

Datenanalyse. http://www.methodenberatung.uzh.ch/de.html. 

Seto S, Zhang W, Zhou Y (2015): Multivariate Time Series Classification Using Dynamic 

Time Warping Template Selection for Human Activity Recognition. IEEE Symposium 

Series on Computational Intelligence:1399–1406. DOI: 10.1109/SSCI.2015.199. 

Shalev-Shwartz S, Ben-David S (2014): Understanding machine learning: From theory to 

algorithms. Cambridge, Cambridge University Press. 

Sherkat R, Rafiei D (2008): On efficiently searching trajectories and archival data for 

historical similarities. Proceedings of the Very Large Data Bases Endowment 1 (1):896–

908. DOI: 10.14778/1453856.1453953. 

Shokoohi-Yekta M, Hu B, Jin H, Wang J, Keogh E (2017): Generalizing DTW to the multi-

dimensional case requires an adaptive approach. Data Mining and Knowledge Discovery 

31 (1):1–31. DOI: 10.1007/s10618-016-0455-0. 

Shokoohi-Yekta M, Wang J, Keogh E (2015): On the Non-Trivial Generalization of 

Dynamic Time Warping to the Multi-Dimensional Case. Society for Industrial and 

Applied Mathematics International Conference on Data Mining:289–297. DOI: 

10.1137/1.9781611974010.33. 

Simmermacher D (2013): Objektive Beherrschbarkeit von Gierstörungen in 

Bremsmanövern. Dissertation. Technische Universität Darmstadt, Fachbereich 

Maschinenbau, Düsseldorf. 

Simon D (2010): Entwicklung eines effizienten Verfahrens zur Bewertung des 



122 8 References 

 

 

Anfahrverhaltens von Fahrzeugen. Dissertation. Universität Rostock, Fakultät für 

Maschinenbau und Schiffstechnik, Rostock. 

Slater K (1985): Human Comfort, Charles C Thomas Pub Ltd. 

Snijders TAB (2002): Hypothesis Testing: Methodology and Limitations. International 

Encyclopedia of the Social and Behavioral Sciences 10:7121–7127. DOI: 10.1016/B0-

08-043076-7/00737-3. 

Society of Automotive Engineers (2018): Taxonomy and definitions for terms related to 

driving automation systems for on-road motor vehicles. SAE International 

J3016_201806. 

Stella F, Amer Y (2012): Continuous time Bayesian network classifiers. Journal of 

Biomedical Informatics 45 (6):1108–1119. DOI: 10.1016/j.jbi.2012.07.002. 

Sun A, Lim E-P (2001): Hierarchical Text Classification and Evaluation. IEEE International 

Conference on Data Mining:521–528. 

Tang Y, Zhang Y-Q, Chawla NV, Krasser S (2009): SVMs modeling for highly imbalanced 

classification. IEEE transactions on systems, man, and cybernetics 39 (1):281–288. DOI: 

10.1109/TSMCB.2008.2002909. 

Tapinos A, Mendes P (2013): A method for comparing multivariate time series with 

different dimensions. Public Library of Science ONE 8 (2):e54201. DOI: 

10.1371/journal.pone.0054201. 

Tomasev N, Radovanovic M, Mladenic D (2011): A Probabilistic Approach to Nearest-

Neighbor Classification: Naive Hubness Bayesian kNN. ACM international conference 

on Information and knowledge management 20:2173–2176. 

Vlachos M, Hadjieleftheriou M, Gunopulos D, Keogh E (2003): Indexing multi-dimensional 

time-series with support for multiple distance measures. ACM Special Interest Group on 

Knowledge Discovery and Data Mining:216. DOI: 10.1145/956750.956777. 

Wang X, Mueen A, Ding H, Trajcevski G, Scheuermann P, Keogh E (2013): Experimental 

comparison of representation methods and distance measures for time series data. Data 

Mining and Knowledge Discovery 26 (2):275–309. DOI: 10.1007/s10618-012-0250-5. 

Wang Y, Smith C, Shao M, Huang L, Furst J, Raicu D, Kim H (2016): C. elegans search 

behavior analysis using Multivariate Dynamic Time Warping. IEEE International 

Conference on Bioinformatics:1569–1576. DOI: 10.1109/BIBM.2016.7822754. 

Warren Liao T (2005): Clustering of time series data—a survey. Pattern Recognition 38 

(11):1857–1874. DOI: 10.1016/j.patcog.2005.01.025. 

Wegscheider M (2009): Modellbasierte Komfortbewertung von Fahrerassistenzsystemen. 

Dissertation. Technische Universität Graz, Fakultät für Maschinenbau und 

Wirtschaftsingenieurwesen, Graz. 

Wei L, Keogh E (2006): Semi-Supervised Time Series Classification. International 

conference on Knowledge discovery and data mining 12:748–753. 

Weitzel D (2013): Objektive Bewertung der Kontrollierbarkeit nicht situationsgerechter 



8 References 123 

 

Reaktionen umfeldsensorbasierter Fahrerassistenzsysteme. Dissertation. Technische 

Universität Darmstadt, Fachbereich Maschinenbau, Darmstadt. 

Winner H, Hakuli S, Lotz F, Singer C (2015): Handbuch Fahrerassistenzsysteme. 

Wiesbaden, Springer. 

Wit E, van den Heuvel E, Romeijn J-W (2012): ‘All models are wrong…’: An introduction 

to model uncertainty. Statistica Neerlandica 66 (3):217–236. DOI: 10.1111/j.1467-

9574.2012.00530.x. 

Xing Z, Pei J, Keogh E (2010): A brief survey on sequence classification. ACM SIGKDD 

Explorations Newsletter 12 (1):40. DOI: 10.1145/1882471.1882478. 

Xing Z, Pei J, Yu PS (2009): Early prediction on time series: A nearest neighbor approach. 

International Joint Conference on Artificial Intelligence:1297–1302. 

Zhang Z, Deng JL, Marchi E, Schuller B (2013): Active Learning by Label Uncertainty for 

Acoustic Emotion Recognition. Annual Conference of the International Speech 

Communication Association 14:2856–2860. 

Zheng Y, Hansen JHL (2017): Lane-Change Detection From Steering Signal Using Spectral 

Segmentation and Learning-Based Classification. IEEE Transactions on Intelligent 

Vehicles 2 (1):14–24. DOI: 10.1109/TIV.2017.2708600. 



124 9 Abbreviations 
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This chapter contains the abbreviations that are used in this thesis in alphabetical order: 

ACC    Adaptive Cruise Control 

ADAS    Advanced Driver Assistance Systems 

ANOVA   Analysis of Variance 

CAN Controller Area Network 

CBDTW   Correlation-based Dynamic Time Warping 

CV    Characteristic Value 

CVI    Cluster Validation Index 

DBSCAN Density Based Spatial Clustering of Applications with 

Noise 

DoE    Design of Experiments 

DTW    Dynamic Time Warping 

EBA    Emergency Brake Assistant 

GUI    Graphical User Interface 

HAD    Highly Automated Driving 

KDE    Kernel Density Estimation 

k-NN    k-Nearest Neighbor 

LCA    Lane Change Assistant 

LKA    Lane Keeping Assistant 

MAT Matlab Data 

MDF Measurement Data Format 

MDTW   Multivariate Dynamic Time Warping 

MLR    Multiple Linear Regression 

NN    Neural Network 

PCA    Principal Component Analysis 

SDA Similarity Discriminant Analysis 

SVM Support Vector Machine 

TADPole Time-series Anytime Density Peaks 
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