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Abstract 

As the challenge grows in the vehicle industry, tightening the margins on financial and 

environmental costs of the vehicle development, computer aided engineering becomes more and 

more attractive. Extensive work is being invested in creating detailed models that can replicate 

vehicle behaviour accurately and efficiently. The work in this thesis starts with studying 

objective and subjective evaluations of vehicles as well as their counterparts in vehicle models 

and a simulator environment. Then, it continues to locate the weaknesses in the models, and 

investigate the possible improvements. 

The first part of the thesis focused on performing a literature study concerning the objective 

metrics and their use in the vehicle industry, as well as the use of simulators. This served as a 

foundation for the use of objective metrics in the validation of the CarRealTime models. The 

tools used in the thesis were also introduced.  

The work continued with the study of previously collected data concerning vehicle evaluation 

through subjective assessment and objective metrics, with different anti-roll bar configurations, 

to build trust in the ability of the drivers in evaluating these criteria. Similar data from the 

CarRealTime models and the simulator were also studied. The aim was to evaluate the simulator 

driving experience accuracy through the subjective assessment.  

The weaknesses of the model were identified, and an improved steering model was 

introduced, replacing the old lookup tables with a Pfeffer model from CarRealTime combined 

with the steering assist unit in Simulink. An extensive parameter study was performed to 

understand the effect of selected parameters on the driving experience. Using the same model, 

the simulator delays were studied in terms of replicating yaw and lateral movements, and how 

this can affect the driver’s perception of the driving experience.  

Finally, the results from the parameter study were used to assign the weight parameters in the 

optimization objective function where the goal was to study the possibility of improving the 

accuracy of the driving experience as well as counteracting the effects of simulator delays. The 

Matlab Optimization Toolkit was used in the process. 

As a conclusion, it was shown that the subjective assessment together with the objective 

metrics played a crucial role in identifying model and simulator weaknesses. The parameter 

study showed promising opportunities in solving the aforementioned issues, with the 

optimization tool and boundaries needing more elaborate work to reach conclusive results. 
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1. Introduction 

This chapter introduces the work done during the project, highlighting the importance of the 

study, the scope and limitations of the project and the expected final goals. 

1.1 Background  

A continuously growing competition is driving car manufacturers (OEM) around the world to 

incessantly improve their products while keeping them in competitive pricing ranges. This 

high quality low pricing conflict has led different OEM to become more creative in cutting 

design costs to ensure more efficient product development. From the market perspective, 

higher customer expectations in terms of performance, safety, efficiency, comfort and 

infotainment are further boosting the race. Hence, the success in the field became more reliant 

on reducing the development cost in terms of resources and time.  

The innovation in this field is supported by tremendous capabilities offered by computer aided 

engineering (CAE), where the challenge rests in guiding these opportunities in the smartest 

way to obtain the best utilisation. This challenge has created a race in defining the driving 

experience, which traditionally was centred on subjective assessment (SA), and directing it 

towards well defined and easily measurable objective metrics (OM). Therefore, accurately 

defining and optimizing these metrics became a necessary objective for the success of an 

OEM.  

To reduce another significant source of expenditure, OEMs are venturing in investing in 

simulator technologies that can replicate vehicle behaviour, thus giving developers an 

opportunity to test and drive their cars in earlier stages of development. These simulators, 

once reliable enough, can significantly reduce the development costs, in terms of money and 

time, by reducing the need to build different car configurations for test purposes.  

A big challenge in using simulators is the development of efficient models that can replicate 

the vehicle behaviour accurately enough, without imposing huge processing power 

requirements. In addition, being a system consisting of electronic units, sensors and actuators, 

the different components and their interaction can induce considerable additional delays, and 

they should be considered to replicate accurate vehicle behaviour. 

1.2 Problem description 

Based on the background presented in section  1.1, the problems that are tackled in the thesis 

will be summarized in this section.  

Subjective assessment is still a decisive factor in the vehicle industry. The involvement of the 

human factor in the process is imposing many challenges in terms of automation and 

repeatability and hence, affecting the development's time and cost.  

Additionally, the need for real time processing has forced the currently implemented model to 

neglect some components that can affect drivers' evaluations.  

The last problem that will be tackled is the simulator delay; although it is usually in the order 

of milliseconds, but its effect on drivers' ratings and ride comfort should be studied and 

quantified. 
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1.3 Thesis goals 

The aim of this thesis is to study the validity of the use of the simulator with the currently 

implement model in vehicle evaluations, locate the weaknesses and try to find the reasons 

behind them. Additionally, a more detailed steering model will be implemented and evaluated 

by comparison to physical testing results. Finally, the effect of the simulator delay on the 

driving experience will be studied. 

1.4 Project assumptions 

This thesis studies extensively the validity of the models and the simulator through the 

subjective assessments and the objective metrics. However, this work will not investigate how 

representative these metrics are since this can be an extensive work of research and cannot be 

done through the little amount of data available for this thesis. 
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2. Literature study 

This chapter introduces the reader to the different fields that are related to the work done 

in this thesis. These topics are mainly the use of subjective and objective assessment in the 

vehicle industry, vehicle modelling and driving simulators. 

2.1 Objective metrics 

Vehicles nowadays went beyond achieving their primary objective as a mean of transport, 

to become a machine to be felt [1]. This progress has raised the levels of expectations from 

the market setting harder goals for car manufacturers including comfort, responsiveness, 

steering feel, sportiness and many others. Many of these objectives may be pushing the design 

in opposing directions, making such a task become a compromise leading to the best balance 

of characteristics, with different manufacturers assigning different weights to different 

aspects, resulting in a final design that is holding the manufacturer's character. However, to 

reach this final goal, numerous designs, simulations and prototypes have to be built and 

tested, with the physical testing still playing the crucial role in the design. The biggest 

limitation is that these objectives are all representing the human driving experience, and 

hence, are based on subjective assessments, which creates two problems: how to define these 

subjective assessments in terms of objective metrics, and what is the best ranges for these 

objective metrics to produce the desired experience especially with the different human 

preferences.  

To tackle the first issue, many research studies have been put into defining these metrics 

through parallel subjective and objective evaluations and trying to detect defining characters 

than can be representative of the driving feel. Numerous work in this field is represented in 

this section. For the second issue, it has proven itself to be a similarly challenging field since 

it will either require a unrealistically large amount of testing with different types drivers 

which translates into large money and time costs, or using more professional drivers reflecting 

into more consistent ratings. However, this suggestion has not shown the desired consistency 

as will be discussed later in this section about Chen and Crolla [2], and additionally, such an 

approach might lead to deceiving results, especially if such an investigation was led by an 

OEM using its test drivers as test subjects. In such a case, these professional drivers, through 

their experience in driving the OEM's vehicle, have learned the companies' definition of a 

good car. Hence, their subjectivity might result in a higher rating for cars that represent 

similar personality to the ones they are used to test, which eventually will lead to a objective 

metric preferred range that is not reflective to the public opinions, but for the OEM 

perspective of good cars. Definitely, this can be useful for the OEM; however, it cannot be 

generalized.  

 The challenge in defining the driving experience through objective metrics is not new in 

the vehicle industry. In their work about the history of objective metrics correlations [3], 

Gomez et al. analyzed papers concerning this topic that dated back to 1973 where Bergman 

tried to relate the driver experience to the driver mental effort in controlling the vehicle. Later, 

Gomez et al. presented different researchers that focused on various aspects of the driving feel 

and relating it to objective metrics, with, for example, Harrer et al., Zschocke and Albers, and 

De Paula Eduardo studying the steering feel, and Wolff et al. analyzing ride comfort and 
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steering response [3]. Gaspar et al. also discussed the different procedures, test objects and 

population sizes used in different research works [3].  

Gaspar et al [3] and Crolla et al. [4] discussed the variety of the evaluation methods used 

in the subjective assessments. Crolla et al. focused on two main approaches with the first 

using comparative scale where one vehicle is compared to another, and another approach 

using an absolute scale giving each vehicle a specific grade on a pre-chosen scale, with the 

latter being more commonly used for its advantage in offering an absolute rating [4]. Gaspar 

et al. also discussed the scales used by the different studies and presented Käppler suggestion 

for a standardized scale, as well as the more commonly accepted scale SAE J1441 [3]. These 

variations are a clear representation of how complex the interpretation of human judgements 

can be.  

Gaspar et al. [5] discussed this topic thoroughly and studied the statistical distributions of 

the drivers' ratings in the different scales. They also analyzed the ratings' discrepancies where 

the drivers might use the rating scales differently although they share similar opinions about 

the vehicles. The paper also discussed some strategies in outliers' detection. Interestingly, in 

their study about correlations between the subjective and objective metrics, Chen and Crolla 

hired eight professional drivers to perform the tests with the aim to reduce the variance in the 

subjective assessment. The results obtained did not reflect the desired consistency with the 

authors offering two explanations; the first concerns the variability of performing the 

manoeuvres and the second being the different drivers' preferences and interpretations of the 

grading scales [2]. In a study from FEV Motorentechnik GmbH, Germany, Wolff et al. also 

mainly used expert drivers to evaluate the driving experience assuming that their expertise 

will make it easier for them to evaluate driving dynamics properties [6].  

To reduce the effect of the scale and personal interpretations, a normalization of the 

subjective measures is needed to make sure that the scale is similarly used between the 

drivers. However, such a process should be done with extreme care to avoid allowing such a 

filtering process to overshadow what the drivers meant in their evaluations. Both Gaspar et al. 

[5] and Chen and Crolla [2] addressed this topic in their study. A statistical approach to ensure 

evaluations' consistency was used by Wolff et al. [6]. 

After the filtering of the data, many studies focused on finding the correlations between 

the subjective and objective evaluations. For example, Chen and Crolla [2] used the multiple 

regression, Nybacka et al. [7][8] analyzed different approaches as linear regression, multiple 

linear regression and neural networks, with the latter also being used by Gaspar et al. [9] and 

Schoeggl and Ramschak [10]. The variety of these methods was also discussed in Gaspar et 

al. [3]. In fact, the relations between these metrics can be far more complicated than simple 

linear regression, which justifies the resort to neural networks. However, such a research, and 

especially with the great number of metrics and their possible combinations, finding such 

relations can be demanding in terms of time and processing power. Nybacka et al. [7][8] 

papers are a good example of the existence of strengths and weaknesses in all of the studied 

methods where one method can succeed in detecting a relation that another method is not able 

to detect. This also applies to the more complex neural network method where it failed in 

detecting a relation that was detected by both linear and multi linear regressions for example. 

This paper concludes with a recommendation that both linear and non-linear methods are 

needed in detecting these relations. 
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2.2 CAE tools 

The use of modelling and simulations is not new in the field of engineering, always with 

the aim of being able to anticipate results and systems' behaviour with significant time and 

resource reductions. In the field of automotive, and with the fierce competitive market, 

various OEMs are investigating every opportunity in time and cost reduction for the vehicle 

development process, thus resulting in large investments in simulation software and model 

development. Additionally, this competitiveness created an appealing market for software 

developers that are also racing in creating software tools that can be used in the development 

process, developing more vehicle oriented software that can be used in standalone computer 

simulations, hardware in loop, software in loop, driver in loop and moving base driving 

simulators.  

2.2.1 Software introduction 

ADAMS/Car, CarMaker and CarRealTime are commonly used by OEMs and have been 

used for this thesis and thus will be introduced in this section. Sympathy for data was also 

used for the data processing and will also be introduced. 

ADAMS/Car is a software specialized in vehicle simulations. It consists of building a 

multi-body system as an assembly, such as rear and front suspensions and anti-roll bars, 

which are based on different templates such as McPherson strut suspension and double-

wishbone suspension. These templates can be fitted to each application through specifying the 

hardpoints and attachment points of different solid or deformable masses[11][12][13]. 

However, with such detail and complexity, a simulation with ADAMS will take a substantial 

time and will not be practical to run in real time, especially with MBDS. Nevertheless, the 

developed models can be used to generate some lookup tables that are used for the real time 

simulations in CarMaker and CarRealTime. 

CarMaker is a popular software within OEMs due to its abilities to perform faster than 

real-life and realistic simulations up to the vehicle limits [14]. This processing speed is gained 

through the combination of look-up tables, advanced tyre models, aerodynamics and three 

dimensional dynamics calculations [15]. A crucial advantage for CarMaker is its 

compatibility with Simulink and the ease of altering the different subsystems through it. The 

vehicle model in CarMaker is a combination of the different subsystems including powertrain, 

brakes and Pfeffer steering subsystems, driven by the vehicle controls and the driver 

illustrated in the CarMaker Simulink block layout shown in Figure 1. Through such possible 

configurations, CarMaker can offer, with its standalone mode, the possibility to tune any of its 

subsystems with the offered models, or, with its Simulink co-simulations, the possibility to 

alter any of these subsystems and include new models more suitable to the desired goal, 

which makes the software a good choice for SiL simulations. 
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Figure 1: CarMaker Simulink block layout. 

An advanced driver model is included in these simulations that can offer lateral and 

longitudinal control tuning possibilities, in addition to independent route planning and vehicle 

and road adaptation, together with a possibility of tuning the driving style ranging from 

defensive to sporty [14]. Additionally, an external driver is also possible to be connected to 

CarMaker making it attractive for driver-in-loop simulations, especially when a human driver 

is needed to test attributes.  

An additional advantage of CarMaker is its compatibility to be used with external 

hardware making it a good option for HiL simulations such as including various vehicle 

ECUs and actuators in order to test the full capabilities of the controllers and the connecting 

buses [16]. 

VI-CarRealTime is also an innovative software that can perform real time simulations 

through using simplified vehicle models that can be generated through ADAMS/Car or 

through K&C measurements. It also offers integration possibilities with Matlab and Simulink 

and various optimization software. In this thesis, the Matlab optimization toolkit was used in a 

co-simulation between Matlab and CarRealTime and will be detailed later in this report. VI-

CarRealTime also offers easily tuneable VI-Driver, together with different tyre models 

(Pacejka, MF-Tyre, MF-Swift and FTyre), and an advanced Pfeffer steering model [17][18]. 

VI-CarRealTime was the software used in this thesis since it is the one implemented in the 

VI-Grade simulator at Volvo.  

Since one of the objectives of this thesis was to optimize the driving experience through 

objective metrics, a tool to calculate these metrics is needed. For this purpose, Sympathy for 

Data was used; a free software that can be used for automation of data analysis. It combines 

the ease and clarity of visualization through connecting different function blocks in a flow, 

with the power of the Python language laying in the code generated [19]. Through its clear 

structure, it also allows to debug and locate any errors through marking the different nodes 

that did not run correctly, as well as offering the possibility to check the inputs and outputs at 

the different ports. An example of the workflow is illustrated in Figure 2. 
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Figure 2: Example for a workflow in Sympathy for Data [19]. 

2.2.2 Moving base driving simulators 

Simulators are becoming more and more attractive to OEMs for what they can provide in 

terms of time and money saving. However, the usefulness of the driving experience is still a 

challenge, where the factor of accuracy is pushing towards more model complexity, and the 

factor of computational capabilities' limitations are pushing towards more simplicity. Hence, a 

smart balance between these two poles is a necessity to achieve a good result. With the 

traditional validation method aiming at matching the full vehicle response as it is described in 

Heydinger et al. [20], the full time response might be fitting the reality better. However, that 

might not translate in a better fitting driving experience. In fact, and since these objective 

metrics are more defining to the driving experience, better matching these exact points in the 

vehicle response should result in a more accurate driving experience. With this goal in mind, 

the validation of the MBDS through objective metrics was the topic of the thesis performed 

by Cortinas and Eurinius at Volvo Cars in 2015 and that was used as a starting point for this 

thesis work [21]. Their work will be extensively discussed later in this section. 

Another interesting use of the simulator was presented in Rothhämel et al. [22] who used 

linear regression in finding correlations between objective metrics and subjective assessment 

for driving in a MBDS. This reflected in a less expensive and time consuming method for 

finding such metrics. 

The increasing use of simulators and CAE in general has pushed towards more research in 

creating models that can meet the above-mentioned challenges. One of the most challenging 

components in terms of modelling is the tyres. Both Luty [23] and Salaani [24] presented 

simple and efficient tyre relaxation models to capture the quasistatic response build-up in the 

tyres. 

Another challenging field is the friction modelling especially with it having two 

components: a static part, a dynamic part, and the transition between them. However, being a 

phenomenon that is repeating in any mechanical system experiencing relative motion of its 

components, many models have been developed to model it accurately in a simple way. 

Andersson et al. [25] and Andersson [26] discussed the different models including the 

Coulomb friction, viscous friction, combined Coulomb and viscous, Stribeck and others. 
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These references were used as a starting point for the modelling of the friction in the steering 

system. 

2.3 Use of subjective and objective metrics in model validation and 

optimization 

This section will introduce some previous work done at VCC and on which this thesis was 

based. 

2.3.1  Validation of a Moving Base Driving Simulator for Subjective Assessments of 

Steering and Handling 

Mainly, the current thesis, and especially in its first part, was based on the results obtained 

in the thesis work done by Cortinas and Eurinius in 2015 [21]. The work focused on the 

validation of the simulator available at Volvo Cars through objective and subjective 

evaluations, as well as the ability of the drivers to feel the simulator. 

The thesis focused on studying three physical vehicle configurations consisting of a 

standard Volvo V40, compared to another with the front antiroll bar removed, and a third one 

with the rear antiroll bar removed. These configurations were compared to their 

corresponding virtual ones where models were generated from the K&C measurements of the 

three configurations, in addition to a K&C measurement in the ADAMS/Car environment, 

and two other configurations consisting of disconnecting the front and rear bars respectively 

from the standard vehicle model in the VI-CarRealTime environment. Since the focus of the 

current thesis is to study the drivers' ratings and consistency to evaluate the MBDS accuracy, 

a consistent approach was needed to generate the different models. Hence, the considered 

models were the ones generated from physical K&C measurements. 

An additional task in the referred thesis was to evaluate the effect of the use of an I-pad on 

the subjective assessment of the drivers. For this purpose, each configuration was tested twice 

in real life with each driver evaluating the same subjective metrics once on paper, and another 

on I-pad. However, the drivers were unaware of the changes in the cars between the different 

runs, and had no idea that the same vehicle configuration will be repeated twice, giving them 

the illusion that they are driving six different vehicle configurations. This blind experiment 

approach ensured the possibility to evaluate the drivers' capabilities in evaluating the driving 

feel aspects that they were asked to evaluate. This physical accuracy will be used in the 

current thesis as a reference for their accuracy in the simulator testing evaluations.  

Finally, the same drivers drove the same configurations in the simulator environment 

based on the models explained earlier, and rated their subjective feeling through the I-pad 

questionnaire. The absolute and relative accuracy of these ratings will be studied further in the 

current thesis to locate the strengths and weaknesses in the simulator. 

2.3.2 Electric power assist steering system parameterization and optimization 

employing CAE 

This section will discuss the work of Marcus Ljungberg for his Master thesis project [15]. 

The optimization work done in the current thesis was based on Marcus's approach. 
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The aim was to develop a process through which the different parameters of the electronic 

power assist steering (EPAS) can be tuned and optimized to improve the steering feel through 

the objective metrics. IPG CarMaker and Simulink were used for his simulations, and Tomlab 

was used as an optimization tool. 

The work consisted of the implementation of the vehicle model together with steering and 

steering assist models with the required manoeuvres that are specified according to the 

objective metrics requirements. After obtaining the objective metrics, a sensitivity analysis of 

different control parameters was performed to form a base for the optimization process.  

Finally, the optimization process consisted of determining the cost function, followed by 

single parameter optimization. The results from this part were later used to determining the 

weighing factors in the cost function of the multiple parameters optimization with a focus on 

three specific metrics.  

 Distinctively, the optimization tool used in the current thesis was the Matlab optimization 

toolkit with the optimization weights defined by the sensitivity of the driver to the concerned 

metric represented by the preferred ranges. This will be discussed extensively in the 

methodology section.  
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3. Methodology 

The current chapter describes the methodology used in this study. It consists of three main 

sections, with the first one focusing on the analysis of previous experiments done in the 

MBDS, and then using them as a starting point for the second part concerning the 

implementation of a new steering model. The last part considers the delays in the simulator 

and its expected effects on the driving experience. 

3.1 Implemented model evaluation 

The main motivation for the work done in this section was to build a starting point for the 

model improvement by studying the objective metrics and the subjective assessment obtained 

from the evaluations of three configurations of the same vehicle, with the tests performed in 

both real life and simulator environments. This section will be based on the work done by 

Carl Eurenius and Josu Cortinas concerning the accuracy of the simulator in reproducing 

similar driving experience compared to real life vehicles [21].  

The study tried to validate the driving simulator through testing a Volvo V40 D2 through 

physical testing and comparing the results to those obtained in the driving simulator [21]. This 

thesis includes continuation of their work through further analysis of their results. 

3.1.1 Previous study methodology 

The study focused on modelling the vehicle and studying its accuracy through SA and OM 

while comparing it with real life vehicles. It used three configurations of the V40 with the 

antiroll bar (ARB) being the modified parameter; the first car had only the front ARB 

installed, the second with only the rear ARB installed, and the third with both ARB installed. 

The numbering 1, 2, and 3 refer to these cars respectively. As discussed in section  2.3.1, the 

current thesis will focus on the corresponding vehicle models developed through the K&C 

only.  

In the evaluation of the vehicles, steering robots performed some predefined manoeuvres 

consisting of slalom, constant radius, swept steer and others to obtain the OM of the vehicles 

in real life, and similar manoeuvres were performed virtually to obtain the same OM for the 

models. For the SA, five professional drivers rated each car configuration twice, once on 

paper and once on I-pad. Later, two drivers drove the models in the simulator, answered the 

same questions, and performed the SA using the I-pad only. More details about the 

methodology can be found in the thesis report [21]. 

3.1.2 Results analysis 

To obtain the best possible outcome of the available results, the current thesis discussed 

studied multiple analysis approaches. The first approach named the physical rating approach 

consisted of studying the drivers’ repeatability and is discussed in section  3.1.2.1. The second 

approach named the standard deviation approach focused on the standard deviation of the data 

in order to detect any outliers and is discussed in section  3.1.2.2. Then the third approach was 

based on the consistency of the drivers in terms of preferring one vehicle compared to the 
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other and was discussed in section  3.1.2.3. Section  3.1.2.4 focused on linking these SA to OM 

to validate whether the OM can explain the discrepancies found in the SA. The following 

sections describe the different approaches in detail.  

3.1.2.1 Physical ratings consistency 

Before extending the study to involve the simulator, it was important to study the drivers' 

ability to rate their driving experience through the SA. This can be evaluated through studying 

their repeatability and consistency when comparing their evaluations of the same vehicle on 

paper and I-pad in real life tests. However, and since the ratings are done by humans, perfect 

repeatability is not achievable, and can greatly differ between drivers and according to their 

experience. Another benefit from this approach is to evaluate the effect of the use of the I-Pad 

on the drivers’ evaluations. Although it is not supposed to affect the ratings theoretically, the 

human factor will play a role especially since the drivers were not able to see their previous 

ratings for the different cars on I-Pad, compared to on paper where all the evaluations for the 

three different configurations were written on the same sheet [21].  

3.1.2.2 Standard deviation approach 

The concept behind this approach is that multiple drivers are evaluating the same vehicle 

once through physical testing using a paper questionnaire, a second time through physical 

testing using the same questionnaire but on I-pad, and a third time in the simulator using the 

same I-pad questionnaire. Having the results of four drivers’ evaluations in the real life and 

two in the simulator, each vehicle would have, in total, ten evaluations that should be 

consistent. However, considering the probability of the simulator producing inaccurate 

behaviour, the use of the ten evaluations for outlier detection could lead to inaccurate results. 

Accordingly, disregarding the simulator evaluations in this approach, the drivers evaluated 

each car eight times physically, thus offering a good opportunity for outlier detection. 

Through this method, multiple outliers were detected and disregarded from later analysis.  

Despite its advantages, this approach suffered from several weaknesses. The first 

concerning the fact that such an approach already assumed that using paper and I-pad will 

have no effect on the drivers' evaluations which might not be the case. In fact, the drivers 

usually tend to base their current evaluations on their previous ratings, which was not an 

option in the I-pad evaluations where previous evaluations were hidden. This means that their 

evaluations on paper will include a relative factor instead of being absolute the way it should 

be in an objective evaluation [21]. On the other hand, if this study was limited to a more 

coherent group consisting only of the paper evaluations alone or I-pad alone, the number of 

evaluations becomes quite small and statistically insignificant to apply outlier detection 

techniques. Another more critical drawback consisted of the fact that it neglects drivers' 

preferences in evaluating their driving experiences; this approach assumed that all drivers 

should have the same evaluation for the vehicle, hence neglecting human preferences and 

subjectivity.  

Although of its drawbacks, this approach helped identify a probable scale confusion in one 

of the drivers' evaluations and thus allowed filtering the data correspondingly. The study 

continued to examine several techniques to overcome the probably erroneous evaluations; 

removing all the data points marked as outliers, completely disregarding the concerned 

driver’s evaluations, or removing the driver’s evaluations in doubt only. Due to limited 
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availability of data with only four drivers performing the analysis, the second suggestion was 

dropped. Since the analysis should also take into consideration the diversity in the drivers’ 

tastes and personalities, and this will definitely show in their evaluations, the first suggestion 

was dropped being based only on statistical approach without any further analysis on the data. 

The third approach offered good credibility, being based on the analysis of the data 

statistically and then allowing the expected diversity in different drivers’ personal evaluations 

without the removal of numerous data points. Hence, the further analysis consisted of the 

original data with only the suspected to be erroneous evaluations removed.    

3.1.2.3 Driver’s consistency approach 

With the drawbacks suffered in the previous section, a more flexible and personalized 

approach was considered. The evaluations of each driver in the different environments were 

considered and analysed as a separate set, with the consistency in the evaluations being the 

decisive factor in the capability of the driver and the accuracy of the simulator. 

Since the SA will always suffer from inaccuracy being based on human judgement, some 

margin of error is expected in the drivers’ evaluations. However, a car that was favoured in 

one type of evaluation should not be disfavoured in the other.  

Further in this study, the different analyses will be referred to as Ph-P, Ph-I, and Sim-I 

with the first concerning the physical analysis on paper, the second concerning the physical 

evaluations on I-pad and the third being performed in the simulator. The study also used 

numbers to refer to the different subjective metrics with their correspondences included in 

Appendix  7.1.  

The method consisted of comparing the evaluations of the driver for the vehicles in the 

different analyses. If, for example, vehicle 1 is favoured in Ph-P compared to vehicle 2, it 

should be also favoured in Ph-I according to the same driver. Otherwise, it means the driver is 

not able to evaluate the corresponding SA correctly. However, if vehicle 1 is favoured in Ph-I 

compared to vehicle 2 but vehicle 2 was favoured in Sim-I compared to vehicle 1, two 

interpretations can be the reason: the first concerning the ability of the driver in making this 

evaluation, the second concerning the accuracy of the simulator in producing the correct 

effect. To have a more conclusive idea about the source of the mistake, the study focused first 

on the drivers’ evaluations in the physical world to conclude on their ability to judge the 

corresponding SA before studying the change of these evaluations in the simulator. To clarify, 

the method focused on studying each driver’s ability in evaluating the subjective metric by 

examining his consistency in the physical evaluations between paper and I-pad. Then, the 

method focused on studying how this consistency changed when the study included the 

simulator evaluations instead. 

The main motivation of this approach lies in investigating the ability of the simulator in 

reproducing the subjective feeling in the correct direction. This means that if a vehicle is 

worse in real life, it should be also worse in the simulator environment. This approach, 

however, neglected the degree to which a car is worse or better in different environments. 

This is justified for several reasons. First is that the absolute value consistency of the 

evaluations was already examined through the standard deviation approach. The second is that 

evaluating the value of the change will not help reach valuable conclusion due to the high 
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nonlinearity of the use of the assessment scale as it was discussed in the literature review 

section. 

Based on this, the sign of the multiplication of the difference in an SA of a driver between 

two vehicles was the main focus in this part. To illustrate the methodology, the example of the 

first driver’s consistency is studied in evaluating the SA1 for cars 1 and 2 in the physical 

environment. The difference between the two cars’ grades in Ph-P is multiplied by the 

corresponding difference in Ph-I. The results are then summarized in Table 2 in the results 

section and coloured based on their values with the focus being obtaining a positive value 

since it means that the same configuration was favoured in both evaluations. 

It should be noted that although the value of the result is not the main concern, obtaining a 

high negative value in the table means that the difference not only changed sign, but also 

included high values of differences. This means that a vehicle that was favoured in one 

method, became highly disfavoured in another, and hence, the driver feeling corresponding to 

this SA was highly reversed.  

Based on these analyses, the simulator was evaluated to show which metrics are better 

created and which needed more focus and improvement. 

3.1.2.4 Objective metrics evaluation 

In the previous step, the accuracy of the simulator in replicating the real life behaviour was 

evaluated through the drivers’ subjective assessment consistency. Numerous SA showed a 

decrease in consistency compared to real life testing. However, this analysis does not allow 

reaching a conclusive result about the source of error. The inaccuracy can be due to the 

model’s errors in replicating the behaviour, or to the simulator’s inability in following the 

model.  

To study the model’s accuracy, the OM of the different vehicle configurations were 

evaluated through CAE simulations. Then, the analysis focused on studying the consistency 

of the change of the OM between real life and CAE models. For this purpose, in a similar way 

to the subjective assessment consistency approach, the change in OM was studied between the 

configurations 1 and 2, 2 and 3, and 1 and 3 was evaluated to check whether the change 

should be favourable or not in terms of subjective feel. Hence, focusing on the preferred 

ranges of the OM was a necessity for this study.  

Many studies focused on finding the targets of OM that vehicle design should aim to 

reach. For this thesis, the preferred ranges were chosen according to the results of the study 

done by Gomez at al. [9]. According to these values, each of the obtained OM is examined to 

check whether it is getting closer or farther from its corresponding preferred range. This was 

done through calculating the change in the absolute difference between each OM and 

preferred range. A positive difference signifies that the OM changed and created a negative 

effect on driving experience. This procedure was repeated for both real life and model 

vehicles. For the OM to be represented correctly in the model, the OM should have changed 

in the same direction relative to the preferred range in both real life and model. This will be 

translated by the calculated change having the same sign in both environments.  

Table 4 summarizes the obtained results from the multiplication of the calculated changes 

between the different configuration both in physical and virtual testing for each OM. A 
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positive result reflects that the change occurred in the same directions in both environments, 

and hence the OM changed in the correct direction, whereas, a negative value, and especially 

a large one, signifies that the OM changed in opposite direction thus leading to different 

driving feels between physical and simulator testing.  

Based on this analysis, the vehicle model was evaluated to conclude whether the model is 

to be blamed in the subjective assessment discrepancies.  

Then, the results from the drivers’ subjective assessment analysis and the objective 

metrics analysis were combined to check whether the model inaccuracy in replicating the OM 

can be the reason behind the SA discrepancies. For this purpose, the correlations between SA 

and OM should be identified. Such a process requires extensive work and validation, hence, 

this thesis will be limited to use the previously identified correlations by Gomez et al. in [9].  

It should be noted that at this level, the analysis focused on the SA that showed high level 

of consistency in real life since no conclusive results can be based on the SA when low trust 

can be put in the drivers’ ability to rate it.  

The procedure used in this analysis focused on the sign results of the multiplication of the 

consistency result of each driver’ subjective ratings between two vehicles with the 

consistency of OM between real life and model for the same two vehicles. This means that if 

vehicle 2 for example was better than 1 through subjective rating in real life, and it was worse 

in simulator, the related OM will be checked to analyse if a similar behaviour occurred in OM 

as well, hence concluding if the SA discrepancy can be justified by model inaccuracy. This 

becomes more challenging for SA that can be affected by several OM. At this stage, and with 

the absence of explicit relations between SA and OM, it was impossible to identify exactly 

how the change in OM will affect the SA ratings. However, to check whether the model can 

take all the blame, it was considered that if a SA has a discrepancy that can be explained by at 

least one of the affecting OM, the model will be assumed responsible for the discrepancy. In 

fact, such an approach is clearly not accurate enough to identify exactly what to blame 

between the model itself and the simulator performance, but, as will be shown in the results, 

was able to identify that the model inaccuracy was not able to justify the SA discrepancies on 

its own and the simulator performance played a significant role in the driving experience 

inconsistency. 

Based on the results from this section, the model played an important role in the 

inaccuracy of the simulator experience. The following section will explain the extension of 

the model to improve its accuracy and study the effect on the objective metrics, as well as 

how to be further enhanced.  

3.2 Advanced steering model implementation 

Based on the discrepancies discussed in section  3.1, one of the major improvements 

needed for better accuracy is to improve the currently implemented steering system. CRT 

offers an advanced steering system option based on the Pfeffer model. Included in this section 

are the results of the objective metric results of the modified system as well as a parameter 

study on the effect of several parameters in the model. 
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3.2.1 Previous model definition and limitations 

Starting with the system kinematics, lookup tables were used to define the rack travel and 

steer at ground angle as a function of the steering wheel input. The camber and side view 

angles, as well as the X and Y wheel coordinates were defined as a function of steering input 

and wheel jounce. No system compliance was included. The kingpin inclination and caster 

angle were defined as a function of the rack travel and wheel jounce as well.  

The old model offered two options for the steering feedback, first consisting of a feedback 

map defining the steering torque as a function of steering wheel angle and total kingpin 

moment, and the second consisting of specifying the tierod geometry. More details about the 

model and its structure can be found in the CRT documentation[27]. 

The previously explained model suffered from several limitations. In this part, the work 

will mainly focus on those for which the new model offers an opportunity for improvements. 

Having the steering feedback model consisting only of the lookup tables means that the 

defined steering torque should contain the combined effects of the forces exerted on the 

wheel, the friction, the damping and the stiffness in the system as well as the steering assist, 

making the task of producing the right torque for different operating conditions unachievable. 

3.2.2 Updated model improvements   

Based on the previously stated limitations, the advanced model consisted of using a 

Simulink model combining a CRT block connected with an advanced steering assist block 

provided by the EPAS supplier creating a more accurate steering feedback. 

The CRT model will handle the behaviour of the different components of the steering 

system, feeding the twist angle, steering angle and velocity, vehicle speed, and rack position 

and speed to the steering assist block to calculate the torque assist required and feed it back to 

the CRT block.  

In the updated model, the kinematics of the system was specified by determining the 

different connecting points. Then, the steering system was modelled by dividing it into three 

main components consisting of a steering column, the rack and the torsion bar. 

In the column part, the lumped inertia of the system was specified. The stiffness was 

divided into upper column, lower column and hardy disk stiffness. The damping of the upper 

and lower column was also modelled. The friction was modelled by determining its stiffness 

and maximum torque.  

In the rack section, the column to rack ratio was specified as well as the rack damping. 

The friction was modelled similarly to the column part. In addition, a Maxwell friction model 

was also included in this part. 

In the torsion bar part, the characteristics of the bar were specified including its stiffness, 

twist limit and limit stiffness. The friction and the damping in this part was also modelled as 

the previous sections. 

The aim of the study was to focus on studying the necessity and accuracy of the new 

model.  
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3.2.3 Updated model parameters 

 Many of the parameters needed for the Pfeffer model were available and validated for this 

model, whereas few of them were assumed to CRT standard. A table detailing the values and 

the sources of the different parameters is available in Appendix  7.2. 

Before implementing the CRT model in the Simulink simulation, it was important to 

understand the effect of the different parameters on the steering torque. This study focused on 

the parameters that had no references and hence assumed to the CRT standard.  

For this purpose, a 50 degrees, 1Hz sine steering input was applied at a speed of 50 km/h 

with the selected parameters including the different components stiffness and damping being 

changed between 50% to 150% to the assumed value in 7 steps and the steering torque was 

plotted against the steering angle. The parameter study was limited to this range due to time 

limitations as well as avoiding to introduce some resonance behaviour in the system induced 

by a change in the system natural frequency that can occur with a large change in the selected 

parameters. It should be noted that the calculated torque in this study is the non assisted one 

since no steering assist model was included yet. 

The study of the change of the steering torque helped understand which parameters should 

be the centre of focus in improving the model as well as the way the CRT is performing the 

analysis. 

3.2.4 Updated model validation 

After its implementation, the new model was tested to check how accurately it could 

represent the vehicle.  

Since the main concern is to create a similar driving feel through the model compared to 

real life, the focus should be on comparing the objective metrics in both environments. 

Having the steering system as the only improvement in the new model, the core of the study 

were the steering feel related OM such as window, torque deadband and torque buildup. 

To be able to perform the described analysis, clearly specified manoeuvres such as sine 

and ramp steer should be performed at different velocities to generate the required plots and 

hence obtain the specified OM. A detailed overview on the selected OM and the 

corresponding driving manoeuvres is available in appendix  7.3.  

The calculated OM should be compared to those calculated after performing real-life 

testing. After studying the time data in these tests, many simplifications in the simulations 

were used making it easier to implement the manoeuvres. Such simplifications included 

considering the driving speed to be a constant exactly at the required operating point since it 

changed in a 1 km/h interval in real life testing. Another simplification was to use the time 

data of the driver steering input in real life.  

After the Simulink simulation, the time data for each manoeuvre were stored according to 

the required Sympathy format until all manoeuvres were over, in order for Sympathy to 

generate the required OM. 
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After obtaining the model OM, they were compared against the ones obtained from real-

life testing. The main aim was to understand the discrepancies between both cases, and to 

which degree they can be felt subjectively by the driver. Two methodologies were used: 

1- First method considering the percentage of change of the model value compared to the 

real value and the change was calculated according to equation 1: 

                   
                

       
      (1) 

Although this method worked properly in evaluating the change in numerous OM, it failed 

to have significance in some cases. An example is when an OM can have both positive 

and negative values, or even close to zero values; in such cases, any small change can 

show up as a large percentage change although it might not have such huge effect on the 

driving feel.  

2- The second method consisted of calculating the percentage of change in the OM compared 

to the size of the preferred range of the corresponding OM according to equation 2:  

                   
                

               
      (2) 

This method assumed the sensitivity of the drivers to the corresponding OM to be 

inversely proportional to the preferred range of the same OM.  

In addition to solving the previously stated problem, the latter method allowed to take into 

consideration how sensitive the driver will be to this difference in OM. A small change in an 

OM with a large preferred range will be translated in a small change in SA and will have a 

minor effect on the driving experience, and this will be reflected in the small percentage 

change in the second method. 

3.2.5 OM parameter study 

After obtaining the results from the previous section, several OM showed large 

discrepancies between real-life and the model, however, it was still unknown to which degree 

the current model can affect the corresponding OM. Hence, a parameter study concerning the 

full Simulink model was performed and Sympathy was used to understand each parameter's 

effect of the time data and the OM.  

The parameter study consisted of analysing the effect of the parameters for which no clear 

data was available, as was done in the previous parameter study. Each parameter was varied 

in 7 steps between 20% to 200% of each suggested CRT value and its effect on the different 

OM were studied. 

However, since the aim was to improve the model and real life agreement, an optimization 

was required.  

3.2.6 OM based optimization 

For the updated model to better fit the real life vehicle, an optimization of the unknown 

parameters is required. Two methodologies are available in this case:  
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- Measured parameters based optimization aiming to make the model response through 

time fitting the real life as closely as possible.  

- OM based optimization aiming to fit the OM as closely as possible. 

Although the first method might give better fitting signal through time, the second will 

allow tuning a model that can create a more accurate driving experience having the OM as its 

objective, and hence, was chosen for this analysis. For this to be valid, the OM are assumed 

fully developed and trustable.  

For this purpose, some OM should be selected as targets with a group of corresponding 

parameters to be tuned. The weights in the objective function are also to be selected. 

The objective function was to minimize the error in the OM through tuning some selected 

parameters. For the parameters' and OM's selection for optimization, the parameter study 

results were needed. After analysing the effect of each parameter on its own, the maximum 

effect of each parameter was evaluated and compared to the error in the corresponding OM. 

This comparison helped determine which parameters and OM should be focused on in order 

to tune the model to better fit the real-life OM. 

The objective function consisted of a simple error function, summing the square of the 

errors in the different OM multiplied by the corresponding weights. Since the errors used in 

the objective function considered the OM change scaled by its corresponding preferred range, 

the weights were the squared inverse of the preferred ranges. 

The selection process of the OM and parameters was based on the OM parameter study 

explained in the previous section.  

3.3 Delay effect and considerations 

In this section, the main focus was to analyse the effect on the OM that the delay in the 

simulator can create.  

3.3.1 Need for this study 

While driving a car, the interaction between the driver and the vehicle defines the driving 

experience. Through inputs such as pedal and steering requests, the driver is expecting a 

characteristic behaviour defined by many parameters including the motion of the vehicle in 

the different directions as well as the forces and the accelerations the driver is exposed to. 

Besides the actual values of these parameters, their timings create an equally important role in 

creating the unique driving experience, which further complicates the replication of such 

experience in the simulator.  

In a driving simulator, there are many additional delays between the driver inputs and the 

received feedback. Considering the case of the steering system as an example, the steering 

input should be first measured by the sensor, and then the signal is sent to the processing unit 

that will make the corresponding calculations, and send them back to the corresponding 

actuators. This sums up to different delays:  

1- Sensor delay: the responsiveness of the sensor in detecting the change in its inputs. 

2- Transmission delay from the sensor to the processor. 
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3- Processing delay: this is usually neglected since the processing is running at 1 KHz 

resulting in a 1 ms delay that is often negligible compared to the other delays. 

4- Transmission delay between processing unit and actuator. 

5- Actuation delay: time required by the actuator to deliver the required output. 

Additionally, these delays might be different for different types of motion, hence, 

changing the relative timings between the steering torque and the yaw motion responses for 

example. This effect is further exaggerated by the motion queuing prioritizing certain motions 

over others.  

The aim of this study is to focus on the effect of these delays on the driving experience 

through studying their effect on the OM. Since the steering system is the main concern, the 

studied delays and effects will be limited to it and the related OM.  

3.3.2 Parameter study 

To clearly understand the different effects, a parameter study concerning different level of 

delays up to 30 ms was performed. The model used for this analysis consisted of running the 

same previous manoeuvres for the new model. Then, the input from the steering model, which 

was limited in this case to the steering wheel angle, was shifted in time between 0 and 4 ms in 

2 ms steps. The outputs concerning steering wheel torque were shifted 0 to 4 ms in steps of 2 

ms. Lateral acceleration and yaw rate were shifted 0 - 30 ms in steps of 5 ms. Since the 

simulator created behaviour has to be a reaction to the input, only the cases where the delays 

of steering torque, lateral acceleration and yaw rate are equal or higher than the steering angle 

delays are of significance. In fact, in the rest of the analysis, both steering angle and torque 

delays were merged in one combined delay that will be referred to as steering delay adding up 

to 8 ms. The reason behind this approach is that the driver will not be able to differentiate 

between the steering angle and torque delays and will only feel the total delay as being the 

delay between his steering angle input and the steering torque output on the steering wheel. 

This will also allow to apply a single steering input-output delay to multiple cases of angle 

detection and torque build delays thus reducing the amount of simulations and data. 

The choice of the outputs to which the delays were applied was based on the OM used in 

this analysis; many used OM are calculated using these outputs. The high level of delays used 

for lateral acceleration and yaw is because, in this analysis, no model was used to simulate 

yaw motion or y-motion. Hence, these delays should also contain actuation delays, whereas, a 

model was developed for the steering wheel and the motor controlling it in the simulator. This 

model will be able to simulate the actuation delays, thus reducing the steering torque delay 

input to the transmission delays only. The following section explains the model in detail. 

3.3.3 Motor model 

To have a more accurate representation of the delays induced in the steering system in the 

driving simulator, a simple model including the steering wheel and the controlling motor was 

built.  
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The model consisted of two rotating bodies, the steering wheel and the motor shaft, 

connected with a flexible rod. The motor was modelled as a voltage PI controlled motor. A 

similar motor datasheet was used to estimate the parameters of the motor such as the 

inductance, the winding resistance and torque and voltage constants. For the mechanical 

system, most of the parameters were estimated based on some knowledge about the 

components. The steering wheel inertia, centre of mass position and column stiffness are 

examples of such parameters. 

The last component in this model was the friction and damping in the system. Since the 

goal was to replicate the delay due to the actuation, a simple Coulomb and viscous friction 

model was used. To obtain these parameters, the steering wheel was excited by different 

levels of step voltages corresponding to the required torques and the steering wheel torque 

output and motion were observed.  

A table summarizing the different parameters used in this model is included in Appendix 

 7.5.  

3.3.4 Delay correction 

After performing the corresponding simulations, the change in the objective metrics were 

plotted for the different levels of delays. The effect of these delays were then compared 

against the possibility of affecting these same OM through the change in the system 

parameters. The aim of this study was to examine how valid and useful the change of the 

steering parameters in the model can be in avoiding the effects of the delays.  
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4. Results and analysis 

This chapter summaries the results obtained in this thesis. It follows the same order as in 

the methodology with the first section handling the old model evaluation, the second section 

dealing with the implementation of the advanced steering model, and the third section 

presenting the results from the delay study.  

4.1 Implemented model evaluation 

As explained in the methodology section, the study focused on several approaches to 

evaluate the implemented model: the physical ratings consistency, the standard deviation 

approach and the drivers’ consistency approach. All three approaches offered some 

advantages that the following section will focus on.  

4.1.1 Physical ratings consistency 

Starting with the repeatability study, the absolute value of the change in the drivers’ 

evaluations were summarized in Table 1. The cells were coloured based on their values with a 

colouring scale that ranges from dark green corresponding to zero difference until dark red 

corresponding to large differences. The grey cells represent missing data. The exact values 

were removed for confidentiality. 
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Table 1: Drivers' consistency in physical evaluations between paper and I-pad 

 Driver 1 Driver 2 Driver 3 Driver 4 

 
Veh 1 Veh 2 Veh 1 Veh 2 Veh 3 Veh 1 Veh 2 Veh 3 Veh 1 Veh 2 Veh 3 

SA1            

SA2            

SA3            

SA4            

SA5            

SA6            

SA7            

SA8            

SA9            

SA10            

SA11            

SA12            

SA13            

SA14            

SA15            

SA16            

SA17            

SA18            

SA19            

SA20            

SA21            

SA22            

SA23            

SA24            

SA25            

SA26            

SA27            

SA28            

 

It is obvious from the table that the drivers were not able to reproduce the same ratings on 

both paper and I-pad. However, with a closer look to the discrepancies, it is evident that the 

drivers’ accuracy changed significantly between different drivers, and between the different 

evaluated cars.  

From the illustrated results, driver 1 and 4 had better accuracies in evaluating the first car, 

driver 1 had higher accuracy in evaluating the second car, and driver 3 and 4 had high 

accuracy in evaluating the third car, which is remarkably higher compared to the same 

drivers’ accuracy in their evaluations of car 1 and 2.  

Hence, one of the main reasons between the drivers’ ratings lays in their experience and 

abilities of judging the subjective metric. Another reason will be the ease of grading the 

subjective metric. As it will be discussed in the following section, this task becomes much 

more challenging when evaluating a bad driving experience, which is why higher 



 23 

discrepancies are found in the vehicles 1 and 2, and obviously better harmony is found in 

evaluating vehicle 3.  

Another interesting aspect to discuss for the effect of the I-pad concerns examining the 

consistency of the evaluations for each subjective metric on its own. If the I-pad had an effect 

on the drivers’ evaluations, it should be repetitive for all the drivers in the same metric, which 

is not the case in the available measurements. An inconsistency in one vehicle SA for one 

driver can be matched by a high consistency of another driver concerning the same SA, or 

even for the same driver evaluating the same SA for another vehicle.  

To conclude for the I-pad effect, the discrepancies found in the drivers’ evaluations can be 

explained by the drivers’ experience and the quality of the car itself, with these reasons being 

highly expected to affect the drivers’ ratings even if all evaluations were performed on paper. 

Having no SA that is obviously more inconsistent than others also shows that the I-pad did 

not have any effect on any of the metrics. In fact, the high consistency of the drivers in 

evaluating the third car on both paper and I-pad shows clearly that the use of the I-pad had no 

effects on these evaluations. One last point that should be studied is the effect that originated 

from having the previous results in the I-pad not easily accessible compared to easily readable 

ones on paper where all the evaluations were made on the same sheet. The data available in 

this thesis will not be able to fully study this effect and thus, it will not be discussed further. 

4.1.2 Standard deviation and driver’s consistency approaches 

The analysis started with the implementation of the standard deviation approach. The main 

motivation is that the same car should have the same rating by all the drivers no matter what 

was the technique used. On the other side, including the drivers’ ratings obtained in the 

simulator environment means that a larger variance can be explained by the simulator 

inaccuracy. To cancel this possibility, the scope of the data consisted of only the evaluations 

obtained in the physical environment both on paper and on I-pad. Limiting the scope further 

to only paper evaluation for example will give a population of only four evaluations, which is 

challenging in terms of statistical significance. The chosen scope offered better coherence 

with acceptable significance and allowed to identify major outliers. Figure 3 illustrates the 

obtained results. The y-axis lacks the tick labels for confidentiality. 
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Figure 3: Results of the standard deviation approach. 

The plots illustrated in Figure 3 shows the motivation behind the second approach. First, 

studying the spread of the data, it is clear that the different drivers did not evaluate the same 

car with the same value. This is expected taking into considerations the drivers’ preferences 

and subjectivity in ratings. Another interesting aspect is the decrease in the spread seen in 

vehicle 3; the evaluations provided by the different drivers for vehicle 3, which is the good car 

since it has both ARB, have a less spread than those provided for vehicles 1 and 2. This can 

be explained by the fact that it is easier for a driver to give a more accurate subjective 

assessment since he should have an adequately clear definition on how a car should behave 

where his subjectivity plays a limited role in specifying the exact rating in the good ratings’ 

range. Evaluating a bad car can be more challenging in terms of consistency since the drivers 

might be less exposed to bad cars. In fact, there is no clear correspondence between the lowest 

grade on the rating scale and the driving experience of the car, and hence, every driver will set 

the bad rating based on his previous experience and his idea about these limits. The 

nonlinearity of the drivers’ subjective assessment will also play a role in the larger spread of 

the evaluations for bad cars [3]. Hence, the drivers are expected to rate such a vehicle with a 

bad grade, but the grading is not expected to be as coherent as good vehicles. This expected 
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non-coherent evaluation of bad vehicles and nonlinearity of the subjective assessment scale 

are the main reasons to use the consistency approach instead. 

Figure 3 also shows a major drawback of the standard deviation approach. For example, 

applying the standard deviation blindly will mean removing all the red crosses that are 

identified as outliers in statistical terms. However, comparing Figure 3 and Figure 4 can show 

a good benefit in the consistency approach. Looking at Figure 3, the subjective metric 20, for 

example, suffered from many outliers that would have been removed from the data if only the 

standard deviation logic was used. However, the drivers’ consistency illustrated in Figure 4 

showed that even if not all the drivers agreed on the grade they should provide to the metric, 

they were coherent in their evaluations in terms of their preferences. This allowed judging 

their evaluations as valid and trustworthy.  

This is critical especially when considering the large time required for subjective testing 

leading to a small scope of performed evaluations. This limited number of evaluations puts 

great importance on the validation check method since it should be able to identify any invalid 

evaluation without sacrificing valid ones. Applying the standard deviation approach and 

outlier removal strategy on a statistics basis only will cost the loss of considerable amount of 

data, whereas the consistency approach showed that such evaluations show high potential of 

being valid with the metric 20 illustrated being an example. 
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Figure 4: Drivers' evaluations for metric 20 in the different scenarios. 

As explained in the methodology section, the results of the multiplication of the 

differences of the evaluations of each car in Ph-P and Ph-I were calculated and illustrated in 

Table 2. The results were coloured based on their values with the green colour signifying a 

positive value and the red being a negative one. The last column evaluates the consistency of 

the drivers’ evaluations corresponding to a specific SA by calculating the percentage of 

coherent evaluations done for the SA. This coherence reflects the ease of feeling and 

evaluating such a metric. This can be used as a starting point for improving the metrics’ 

definitions as well as focus points for the corresponding drivers’ trainings. The aim is to 

evaluate the confidence level that should be assigned to this subjective metric evaluation. The 

coherence represented in the last row represents the percentage of the coherent evaluations 

done by a specific driver. This is intended to focus on each driver’s personal ability in 

properly evaluating vehicle dynamics. In fact, some drivers showed high levels of coherence 
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reaching up to 100%, making them a good reference for later comparisons when the simulator 

is included in the analysis.  

Table 2: Consistency approach for I-pad evaluations. 

 
Driver 1 Driver 2 Driver 3 Driver 4  

Consistency 
Veh 1-2 

Veh 
1-2 

Veh 
2-3 

Veh 
1-3 

Veh 
1-2 

Veh 
2-3 

Veh 
1-3 

Veh 
1-2 

Veh 
2-3 

Veh 
1-3 

SA1             

SA2             

SA3             

SA4             

SA5             

SA6             

SA7             

SA8             

SA9             

SA10             

SA11             

SA12             

SA13             

SA14             

SA15             

SA16             

SA17             

SA18             

SA19             

SA20             

SA21             

SA22             

SA23             

SA24             

SA25             

SA26             

SA27             

SA28             

  
    

Consistency  
   

 

The same methodology was used in evaluating the drivers’ consistency between the Ph-I and 

the Sim-I. The results are shown in Table 3.  
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Table 3: Consistency approach results for the simulator. 

  
  

Driver 3 Driver 4   
  

Consistency 

Veh 1-2 Veh 2-3 Veh 1-3 Veh 1-2 Veh 2-3 Veh 1-3   

SA1         

SA2         

SA3         

SA4         

SA5         

SA6         

SA7         

SA8         

SA9         

SA10         

SA11         

SA12         

SA13         

SA14         

SA15         

SA16         

SA17         

SA18         

SA19         

SA20         

SA21         

SA22         

SA23         

SA24         

SA25         

SA26         

SA27         

SA28         

    
 

 Consistency   

 

The first observation is the significant increase in the inconsistency in the drivers’ 

evaluations compared to the absolute value approach discussed in the previous section. 

Another observation is the big drop in consistency when comparing the lower part of the table 

to the first nine rows.  

To obtain a conclusive result about the discrepancies in the Sim-I, the SA were grouped in 

5 groups: 
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1- Group 1 with low consistency in the physical evaluations: it consisted of SA18 only 

and it was characterized by a low coherence percentage between paper and I-pad 

evaluations in the physical environment as shown in Table 2. No conclusions were 

drawn for this case since the physical evaluation of this SA offered low levels of 

confidence, and hence, drivers’ evaluations were not trustable enough for this metric. 

2- Group 2 with medium consistency in the physical evaluations and with large drop in 

consistency for the simulator: it consisted of SA11, 12, 25 and 27. For this group, the 

drop in the coherence was a sign for the fact that the simulator might be unable to 

imitate the metric properly compared to the real life. However, the medium 

consistency of the drivers’ evaluations in physical testing also poses some questions 

about the drivers’ ability in evaluating this metric, thus leading to a less definite 

conclusion about the source of inconsistency in the evaluations.  

3- Group 3 with medium consistency in the physical evaluations and with minor change 

in consistency for the simulator: it consisted of SA24. No conclusions were drawn for 

this case since the physical evaluation of this SA showed medium levels of confidence, 

thus reducing the level of trust in drivers’ abilities in evaluating it, as well as the non-

significant consistency change for the simulator hence not allowing to reach any 

conclusions about the simulator ability in recreating the metric. 

4- Group 4 with high consistency in the physical evaluations and with large drop in 

consistency for the simulator: it consisted of SA2, 6, 7, 8, 10, 13 to 17, 19, 20, 21, 23, 

26 and 28. The high consistency in physical evaluations reflected an adequate 

capability of the drivers in properly evaluating this metric in a  way that allows high 

trust in their evaluations. Hence, the significant coherence drop in simulator reflects 

the ineffectiveness of the simulator in recreating the same subjective feeling.   

5- Group 5 with high consistency in the physical evaluations and with minor change in 

consistency for the simulator: it consisted of SA1, 3, 4, 5, 9, and 22. As for group 4, 

the drivers showed high competence in evaluating these metrics, and with the small 

change in the coherence for the simulator, it can be concluded that the simulator was 

able to properly recreate the corresponding behaviour as expected. 

At this level, two reasons might be behind the inaccuracy of the driving simulator 

especially for group 4. The first possible explanation is that the model was not accurate 

enough, and the second being that the simulator was unable to perform the motion as it is 

required by the model. For a better conclusion, the work focused on studying the OM 

generated through CAE simulations using the implemented models.  

Another aspect that should be noted in this analysis is that the SA illustrated in the first 

few columns in Table 3 showed better consistency that the rest of the table. These SA 

belonged to the handling evaluations group with the rest of the table belonging to steering. 

This clear inconsistency in steering was one of the major reasons for the work of this thesis 

being focused on improving the steering model in the simulator. 
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4.1.3 Objective metrics evaluation 

Following the approach explained in the methodology section, the results were 

summarized in Table 4. The colours in the table are based on the sign of the result where red, 

yellow and green correspond to negative, zero and positive results. 

Table 4: Results of the objective metrics consistency approach. 

 

Consistency 

 

1 to 2 2 to 3 1 to 3 

OM1    

OM2    

OM3    

OM6    

OM7    

OM8    

OM9    

OM10    

OM11    

OM12    

OM13    

OM14    

OM15    

OM16    

OM17    

OM18    

OM19    

OM20    

 

From this table, it is evident that the model takes a considerable part of the blame in the 

simulator inconsistency. The major aim of this analysis was to identify whether the drop in 

drivers’ consistency seen in group 4 can be explained through the inconsistency of the CAE 

model. For this purpose, the study used the correlations between the subjective assessments 

and objective metrics identified by Gomez et al. [9]. Although the validity of these 

correlations was not evaluated for this vehicle, using them as a starting point to know what to 

expect in the subjective assessments can be beneficial for the study, especially that these 

correlations and objective metrics are used qualitatively rather than quantitatively.  

Following this analysis, the drop of drivers’ consistency for the SA 7, 8, 17 and 28 can be 

explained by the model inconsistency in replicating real life objective metrics. However, it 

becomes a lot trickier when applying this analysis on SA that showed correlations with 

multiple OM since some of these OM might change in favourable direction whereas others 

change in unfavourable ones, thus making it impossible to reach a conclusion without having 

clearer explicit correlations.  
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To explain this, Table 5 shows an update of the drivers’ consistency approach that took the 

OM and SA correlations into consideration. In this table, the results of Table 3 and Table 4 

were combined in a try to locate if the change of OM can explain the drivers’ ratings 

discrepancies.  

Table 5: Drivers' consistency results with OM correlations. 

 

Driver 3 Driver 4 
 

Drivers Consistency 

 
Veh 1-2 Veh 2-3 Veh 1-3 Veh 1-2 Veh 2-3 Veh 1-3 

 SA Only 
With OM 

Effect 
        SA1          

SA2          

SA3          

SA4          

SA5          

SA6          

SA7          

SA8          

SA9          

SA10          

SA13          

SA17          

SA19          

SA20          

SA21          

SA22          

SA23          

SA25          

SA26          

SA28          

 

In contrary to what was expected from this study, the consistency illustrated in the last 

column, combining the effect of OM on drivers’ SA with the previous consistency results, did 

not show any improvement in any of the SA. Instead, it showed a drop in some of the SA 

consistency. It should be noted that the drop of consistency could be explained by several 

factors. The first is the procedure itself since it assumed that any inconsistency in an OM will 

be translated by an inconsistency in the SA related to it disregarding the consistency of other 

OM affecting the same SA. Another reason is that the analysis did not take into consideration 

the correlation level. Based on these, the drop in drivers’ consistency for some SA when the 

OM effect was considered does not give valuable results and will not be analysed any further. 

As a conclusion, the SA discrepancies cannot be justified through the available 

correlations with OM only. Hence, both the model and the simulator performance might have 

played an equally significant role in causing them.  
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4.1.4 Conclusion 

The drivers’ subjective evaluations offered a good starting point for the analysis of the 

simulator performance and locating the major errors and discrepancies, which appeared to be 

more frequent in steering related behaviour. Based on this, the further parts of this work will 

focus on implementing a new steering model and performing parameter studies to understand 

the effects of the different parameters.  

4.2 New model implementation 

As discussed in the methodology section, the new model was implemented and validated 

against the real life testing. In addition, this thesis work focused on performing some 

parameter studies to understand the model and how to tune it for better accuracy. 

4.2.1 CRT parameter study 

Since the available parameters for the new model were limited, a parameter study 

concerning the missing parameters was needed to understand how these parameters are 

modelled. The first parameter study concerned the CRT model only and consisted of a 

sinusoidal input of 50 degrees, 1Hz steering angle at 50 km/h in the CRT environment. After 

performing the CRT simulations, the non assisted torque at the steering wheel was calculated 

for the different values of each parameter. An example of the results is the study of the effect 

of the hardy disk stiffness on the steering feedback illustrated in Figure 5. The scale has been 

removed from the y-axis for confidentiality.  
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Figure 5: Hardy disk stiffness effect on steering feedback. 

For this part, the aim was to understand the marginal effect a change in a parameter can 

induce in the output torque. Based on this, some parameters such as the hardy disk and the 

rack damping were proven to be more influential and hence should be considered for tuning. 

However, it should be noted that this study neglected the effect from the steering assist, which 

is why another parameter study was performed later for the same purpose.  

4.2.2 Model validation 

After performing the required manoeuvres on the new model, the OM were compared to 

the OM generated through real life testing. Due to confidentiality, the OM are represented by 

numbers as OM1 – OM16; the correspondences between the numbered OM and the original 

ones is detailed in Appendix  7.3.  

The comparison between the OM obtained in both scenarios is illustrated in Figure 6. 
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Figure 6: Objective metric comparison in absolute values between real life and the new model. 

Analyzing Figure 6, using the actual values of the OM made the analysis of such large sets 

of OM quite hard to understand and conclude from, especially that each OM has a different 

range, hence, as explained in the methodology section, two other approaches were used. 

The first step was to use the absolute value of the percentage change in each OM as a 

reference for the analysis. However, and as explained in the methodology section, such an 

approach did not allow a fair comparison and did not help reach conclusive results since it did 

not reflect how sensitive the drivers will be to these changes. Hence, the second approach 

based on the drivers' sensitivity to these changes was used.  

To understand the need for the second percentage approach, the results from both 

approaches are illustrated and compared in Figure 7 and Figure 8. 
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Figure 7: Comparison between both percentage approaches. 

 

Figure 8: Clarification for the lower percentages in the comparison of both percentage approaches. 

Analyzing Figure 6 and Figure 7, it seemed that OM11 had the biggest error by a large gap 

to the other OM. On the other hand, comparing with the scaled effect in Figure 7, it can be 

seen that the sensitivity of the driver to this error is comparable to his sensitivity to other 

errors such as in OM4, 9 and 12.  

Studying the absolute change of OM4 and 18 in Figure 6, it appears that the error in these 

OM is small and will not affect the driving feel significantly and their effect will be 

comparable to the OM2. However, after using the scaled percentage approach, it was clear 

that OM4 and 18 had remarkably higher effect than OM2, and thus should be focused on to 

improve the accuracy of the driving experience.  
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A summary of the results of both approaches is available in Appendix  7.4. 

As a result of the scaled approach, most OM suffered from discrepancies between the 

model and reality, with the most severe discrepancies lying in OM4, 9, 11, 12, 14 and 18 and 

thus methods of improving their accuracy should be investigated.  

4.2.3 OM parameter study 

After comparing the real and model OM, it was clear that the model suffers from large 

discrepancies in some of them. Hence, it is expected to produce different driving feel in the 

simulator. To understand how much the steering model parameters can improve the feel, 

another parameter study was performed, but this time concerning the OM and including the 

steering assist model.  

The results were illustrated in bar plots illustrating the change in percentage error with 

varying the parameter. This plot helped determining how close to the required value the 

change in the parameter can get the corresponding OM. The analysis in this section was based 

on the scaled approach since if a change in a parameter cannot alter the driving experience 

significantly, it is not worth investing in studying and tuning it. The results of this analysis are 

illustrated in Figure 9. 

 

Figure 9: Scaled effect of changing the hardy disk stiffness on OM. 

This analysis helped determine how much each parameter can affect each OM. Examining 

Figure 9 for example, it can be seen that the hardy disk had a significant effect on OM06. 

However, it was hard to determine from the graphs which parameter is the most effective to 

tune in order to improve a corresponding OM, which is why the following approach was used.  
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For each of the model parameters changed, the maximum effect induced on each OM was 

included in a table. The results are shown in Table 6. Then, taking each column alone, 

Microsoft Excel formatting was used to colour the different rows depending on the value of 

the change in the OM with green corresponding to the highest change. Hence, as a conclusion 

from this part, it became clear which parameter offers the highest effect on a certain OM, and 

therefore, should be focused on in improving the concerned OM. Examining the OM5 and 7 

for example, it can be seen that the darkest green cell corresponds to the rack maximum 

friction signifying that this parameter is the most effective in influencing OM5 and 7. It can 

be also seen that the stiffness in general and the hardy disk stiffness in specific had great 

effect on OM1, 2, 3, 4, 6 and 8. 

Another concern was to locate how worthy this tuning will be by taking into consideration 

how much is the actual error in the corresponding OM. So, the maximum effect on a certain 

OM was considered in a separate row and then compared to the OM error. This comparison 

was done to help figure out that whether tuning the parameter with maximum effect on an 

OM will help this OM reach closer to its real life value. Hence, the ratio of the error as 

numerator to the maximum possible effect as denominator was calculated and included in the 

last row of the table. Another colour scale was used in this row with green being the lowest 

value since it corresponds to an OM where the OM error percentage is low compared to the 

possible effect on the OM, and hence offers a great opportunity for tuning. As it can be seen 

in the table, due to confidentiality, the exact numbers were removed and only the colour 

scales were left. The full detailed results are shown in the Appendix  7.6. 

Table 6: Parameter effect on studied OM. 

  Objective Metrics Studied 
Changed 

Parameter OM1 OM2 OM3 OM4 OM5 OM6 OM7 OM8 

HardyDisk 

        UpColDamp 

        LoColDamp 

        ColumnFri 

        RackDampi 

        RackFrict 

        MxwlStiff 

        MxwlDampi 

        ColInerti 

        Rack Mass 

        RackMaxFr 

        Stiffness 

          

        Maximum Effect 

        OM Err Perc 

        Model Error to 

Parameter Effect 

Ratio 
        

 

Some parameters were removed from this table for being ineffective such as the case for 

the maximum Maxwell force and the mesh stiffness, or for being non tuneable such as the 
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case for the torsion bar stiffness since it is defined in the steering assist model although it 

offered high potential in affecting the OM values. 

4.2.4 OM based optimization 

After finishing the parameter study, an attempt to optimize the driving feel was done 

through optimization. If the full set of OM was included in the objective function together 

with all the studied parameters as tuned variables, the optimization process will take much 

longer and might not be able to find a solution. Additionally, some OM have shown little 

sensitivity to the changed parameters and hence will not be useful to include in the objective 

function. Hence, based on the last row of Table 6, the OM corresponding o the lowest ratio 

were chosen to be included in the objective function. Then, from the corresponding columns 

of these OM, the most affecting parameters were chosen to be optimized. 

Using the Matlab optimization toolbox, a first optimization attempt was done through 

tuning the hardy disk stiffness, rack damping, upper column damping, rack friction and 

column inertia with the square error of the OM 1, 3, 6, 7, 8 and 10 included in the objective 

function. The tool was not able to find a solution.  

The next attempt limited the objective function to the OM 1, 3, 6 and 10 and included only 

the hardy disk stiffness, rack damping and rack maximum friction force as tuneable 

parameters, however, this optimization was also not successful. It converged to a set of 

parameters which were almost the same as the initial set. 

Additional attempts were tried with the converged set as well as slightly different 

tolerances and starting points as suggested by Matlab help [28] with no success. One 

suspected reason of the failure is that the initial set was always in a similar range of 

parameters, since, as explained in the method section, significant changes could lead to 

undesired changes of the system behaviour.  

Looking back at the parameter study, it can be seen that the considered parameters affect 

the OM differently thus making the optimisation quite complicated.  

4.3 Delay effect and considerations 

To simulate the effect of the delays on the different OM, varied levels of delays separating 

the driver input and the simulator torque feedback, lateral acceleration and yaw motion were 

considered.  

4.3.1 Motor model 

To make the delay representation accurate in the steering system, a simple model was 

developed replicating the motor's behaviour. The angular position theta obtained from the 

different step voltage input (Vin) excitations were compared between the real life and the 

model and the results are illustrated in Figure 10.  
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Figure 10: Motor model validation. 

The model started as a simple two rotating bodies, the steering wheel and the motor, 

connected by a stiffness. However, such model was not able to anticipate the behaviour when 

exposed to the first two voltage step excitations. A simple Coulomb and viscous friction 

model was added, thus more accurately anticipating the motion of the steering wheel under 

excitation. Analysing the third and fourth excitations, it can be seen that the steering angle has 

a non-linear behaviour. This is due to the additional inertia caused by the weight of the 

steering wheel and the shift of its centre of gravity. This shift was included in the model, and 

its value was tuned to fit the measured behaviour thus resulting in the accurate representation 

of the steering wheel motion as shown in the figure.  

It should be noted that during this experiment the steering wheel was excited by different 

step voltages, and then stopped manually by hand, which is why the model stops rotating at 

different points compared to the real steering wheel.  

4.3.2 Delay effect study 

To understand the effect of the delay in one of the responses of the simulator on the 

studied OM, the delays were changed and the OM were calculated for each combination. 

In this analysis, the developed model was used and the percentage of change of the OM 

was calculated using the OM obtained from the model simulation with no induced delays. 

Figure 11 illustrates a graph presenting an example of these delays for a constant 8 ms 

steering delay and 15 ms lateral acceleration delay while changing the yaw motion delay 

between 0 and 30 ms. It should be noted that these figures illustrate the preferred range scaled 

error in order to emphasize to which degree such a change will be felt by the driver. 
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Figure 11: Effect of changing yaw delay on OM. 

Figure 12 illustrates a similar analysis considering a constant 8 ms steering torque and 25 

ms yaw delay with changing the lateral acceleration delay between 0 and 30 ms.  

 

Figure 12: Effect of changing ay delay on OM. 

It can be seen from both graphs that two major ways of behaviours can be distinguished: 

- OM that are not changing with the change of the delay ( for example OM 1, 2 and 3 in 

Figure 11 and OM 3, 6 and 9 in Figure 12): these parameters are not changing since 

their calculations are independent of this parameter and are instead based on different 
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measurements. Another explanation can be that the OM is calculated in a region where 

these parameters have reached an almost constant level and are not affected by the 

time shift. 

- OM that are changing with the yaw delay only (for example OM 6, 9, 10 and 13 in 

Figure 11) illustrating that this OM is calculated using the yaw measurements and not 

affected by the ay. 

- OM that are changing with the ay delay only (for example OM 1, 2 and 4 in Figure 12) 

illustrating that this OM is calculated using the ay measurements and not affected by 

the yaw. 

- OM that is changing with both yaw and ay delay such as OM 15 changing in both 

Figure 11 and Figure 12) thus illustrating that this OM is affected by both parameters. 

The interesting behaviour to notice in this analysis is the almost linear change in many 

OM with respect to the changed delay. This is mostly explained by the fact that these 

parameters are usually calculated in the linear behaviour range of the measurements.  

Another interesting and important behaviour to study is the zero crossing of the changing 

OM. Some OM are monotonically becoming further away from the zero compared to others 

where the zero crossing occurred during the analysis. Usually, in this analysis, two major zero 

crossings occurred; the first occurring between the first two bars thus illustrating that the OM 

is a combination effect of the steering torque and the studied parameter, and the second 

occurring later showing that this OM is a combination effect of both yaw and lateral 

acceleration behaviour. To clarify, the lateral acceleration delay study shown in Figure 12 will 

be considered. OM 4, 7, 12 and 17 are clearly crossing the zero between the first three  bars 

which correspond to 0, 5 and 10 ms delays. This means that these OM are also affected by the 

steering torque. The later crossings as in the case of OM 15 signify that the OM also depends 

on the yaw behaviour of the vehicle.  

A further plan in this analysis was to perform an optimization considering these delays to 

find a combination that will have the least effect on the different OM. However, with the fail 

of the optimization tool in reaching the desired results in the previous section, no further trials 

were attempted. 

Another approach to solve the delays' effects issue is to use the results obtained from the 

OM parameter study of the Pfeffer model and use it as a starting point for the tuning of the 

model such that it can compensate for the delays' effects. Table 7 combines the effect of the 

change of the parameters with the effect of the maximum delay case in steering torque, lateral 

acceleration and yaw motion. Then the ratio between the error and the maximum parameter 

effect was calculated as an indication of how feasible is it to tune the corresponding parameter 

to counteract the delay effect, then the colour scale was introduced in the same manner as 

Table 6. The exact values were removed for confidentiality. 
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Table 7: Pfeffer model parameters potential in compensating the delays' effects. 

 

Objective Metrics 

Changed 
Parameter OM1 OM2 OM3 OM4 OM5 OM6 OM7 OM8 

HardyDisk 
        UpColDamp 
        LoColDamp 
        ColumnFri 
        RackDampi 
        RackFrict 
        MxwlStiff 
        MxwlDampi 
        ColInerti 
        Rack Mass 
        RackMaxFr 
        Stiffness 
        Maximum Effect 
        OM Err Perc at 

the specified 
delays 

        OM Err Perc to 
Highest Effect 
Perc ratio 

         

Although most of the OM show green colour in the last row which signifies high potential 

for the OM delay effect to be corrected by the corresponding highest effect parameter, that 

does not mean that it is easy to counteract the delays by simply tuning the parameters. In 

many OM, the most affecting parameter that should be tuned is the same and might also have 

opposing effects on different parameters, thus making the optimization task even harder. 

It is also important to note that this study consisted of only studying the steering system 

parameters, and as expected, system stiffness showed a high potential in counteracting delays' 

effects. However, performing the same study on a model that can simulate yaw and lateral 

vehicle motion will give a clearer idea how each OM can be affected especially since it is 

needed to take into consideration the effect of changing of such parameter on vehicle 

behaviour not showing in OM. For example, changing the value of the stiffness in the system 

will affect the vibration behaviour of the vehicle and hence, high level of changes should be 

avoided. With modelling the full vehicle behaviour, more parameters become available for 

tuning offering better chances in avoiding such undesired effects. 
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5. Conclusions 

The work in this thesis shows the opportunity that the subjective assessment provided by 

professional drivers is offering in locating the weaknesses in the models and driving 

simulators. It also shows how challenging it is to explain the discrepancies in these 

assessments using previously found correlations with objective metrics.  

The implementation of the new model illustrates how such objective metrics can be 

improved, and how it can be beneficial to focus on tuning parameters that will lead to better 

driving feel rather than focusing on the accuracy of the model. It also shows how such tuning 

can compensate for the effects induced by the delays in the simulators. Understanding the 

importance of focusing on what the driver feels can be extremely beneficial in dealing with 

the delays, where a delay in one vehicle response can be compensated by a delay in another, 

thus resulting in a more accurate driving feel. This, however, requires that the focus should be 

on specific objective metrics since the induced delay might affect other metrics as well.  

5.1 Recommendations for future work 

The work in this thesis did not focus on a specific aspect of the vehicle response, but 

studied different metrics. It could be more convenient and fruitful to focus on specific 

objective metrics to be optimized thus limiting the scope of the optimization problem. 

An additional factor that can improve the work is the choice of a different optimization 

tool that can be more suitable to the needed application.  

For the future work, it would be interesting to test the other optimization approach that 

was discussed in this work where the optimization error calculation includes the full response 

of the vehicle compared to the objective metric error calculation. Comparing both approaches 

can give a good idea about the accuracy of these metrics, as well as a conclusion about which 

optimization approach to be used in further research. Such comparison can be done through 

driving the different configurations and evaluating them through real life testing. 
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