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Abstract 
Vehicle dynamics development is strongly based on subjective assessments (SA) of vehicle 
prototypes, which is expensive and time consuming. Consequently, in the age of computer-
aided engineering (CAE), there is a drive towards reducing this dependency on physical test-
ing. However, computers are known for their remarkable processing capacity, not for their 
feelings. Therefore, before SA can be computed, it is required to properly understand the cor-
relation between SA and objective metrics (OM), which can be calculated by simulations, 
and to understand how this knowledge can enable a more efficient and effective development 
process. 

The approach to this research was firstly to identify key OM and SA in vehicle dynamics, 
based on the multicollinearity of OM and of SA, and on interviews with expert drivers. Sec-
ondly, linear regressions and artificial neural network (ANN) were used to identify the ranges 
of preferred OM that lead to good SA-ratings. This result is the base for objective require-
ments, a must in effective vehicle dynamics development and verification. 

The main result of this doctoral thesis is the development of a method capable of predicting 
SA from combinations of key OM. Firstly, this method generates a classification map of ve-
hicles solely based on their OM, which allows for a qualitative prediction of the steering feel 
of a new vehicle based on its position, and that of its neighbours, in the map. This prediction 
is enhanced with descriptive word-clouds, which summarizes in a few words the comments 
of expert test drivers to each vehicle in the map. Then, a second superimposed ANN displays 
the evolution of SA-ratings in the map, and therefore, allows one to forecast the SA-rating for 
the new vehicle. Moreover, this method has been used to analyse the effect of the tolerances 
of OM requirements, as well as to verify the previously identified preferred range of OM. 

This thesis focused on OM-SA correlations in summer conditions, but it also aimed to in-
crease the effectiveness of vehicle dynamics development in general. For winter conditions, 
where objective testing is not yet mature, this research initiates the definition and identifica-
tion of robust objective manoeuvres and OM. Experimental data were used together with 
CAE optimisations and ANOVA-analysis to optimise the manoeuvres, which were verified in 
a second experiment. To improve the quality and efficiency of SA, Volvo’s Moving Base 
Driving Simulator (MBDS) was validated for vehicle dynamics SA-ratings. Furthermore, a 
tablet-app to aid vehicle dynamics SA was developed and validated. 

Combined this research encompasses a comprehensive method for a more effective and ob-
jective development process for vehicle dynamics. This has been done by increasing the un-
derstanding of OM, SA and their relations, which enables more effective SA (key SA, 
MBDS, SA-app), facilitates objective requirements and therefore CAE development, identi-
fies key OM and their preferred ranges, and which allow to predict SA solely based on OM.  

Keywords: Steering feel, vehicle handling, driver preference, objective metrics, subjective 
assessments, regression analysis, artificial neural network.  
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Sammanfattning 
Fordonsdynamikutveckling är starkt baserad på subjektiva bedömningar (SA) av fordonspro-
totyper vilket är både kostsamt och tidsödande. Samtidigt i denna datorålder är det en stark 
drivkraft till att reducera beroendet av provning ute i fält. Men datorer är kända för sin 
enorma beräkningskraft och inte för sina känslor. Det är därför man behöver förstå SA innan 
de beräknas samt förstå deras relation till objektiva mätetal (OM) som kan beräknas genom 
simuleringar samt förstå hur denna kunskap kan möjliggöra en mer effektiv utvecklingspro-
cess.  

Ansatsen i denna forskning var att först identifiera viktiga OM och SA för fordonsdynamik 
baserat på multikollinearitet av OM och SA och intervjuer med expertförare. För det andra 
genom att använda linjär regression och artificiella nätverk (ANN) för att identifiera områden 
av önskvärda OM som leder till bra SA betyg. Detta resultat är grunden för objektiva krav-
sättningar, ett måste för effektiv fordonsdynamisk utveckling och verifiering.  

Huvudresultatet i denna avhandling är utvecklingen av en metod som är kapabel till att pre-
diktera SA från kombinationer av OM. Denna metod genererar först en självorganiserad karta 
av fordon som bara baseras på fordonens OM, vilket möjliggör kvalitativ prediktion av ett 
nytt fordons styrkänsla genom fordonets position i relation till närliggande fordon på kartan. 
Denna prediktion är utökad med beskrivande ordmoln som sammanfattar med få ord kom-
mentarerna från expertförare för varje fordon i kartan. Sedan läggs ett lager på skapat av ett 
artificiellt neuralt nätverk som predikterar SA betyget för ett nytt fordon i kartan, vilket möj-
liggör prediktering av SA betyg för ett nytt fordon. Vidare kan denna metod också analysera 
effekten av toleranser på OM kravsättningar samt verifiera tidigare identifierat önskat OM 
område.  

Förutom korreleringar av SA-OM vid sommarväglag så har också arbetet i denna doktorsav-
handling som mål att effektivisera fordonsdynamikutvecklingen även under andra körförhål-
landen. För vintertester där objektiva tester ännu inte är färdigutvecklade så identifierar och 
definierar denna forskning robusta objektiva manövrar och OM i vinterklimat. Detta har 
gjorts genom att använda experimentell data tillsammans med datorstödda optimeringar och 
ANOVA för att optimera manövrar som sedan har verifierats genom experiment. För att för-
bättra kvalitén och effektiviteten kring SA har Volvos körsimulator validerats för fordonsdy-
namisk betygsättning av SA samt en applikation till en datorplatta tagits fram och validerats. 

Sammanfattningsvis så presenterar denna forskning en omfattande metod för en mer effektiv 
och objektiv utvecklingsprocess för fordonsdynamik. Detta har gjorts genom ökad förståelse 
för OM, SA och deras interaktion, vilket möjliggör effektivare SA (nyckel SA, körsimulator, 
SA applikation), underlättar objektiva kravsättningar och därför CAE utveckling, identifierar 
viktiga OM och deras önskade områden och som möjliggör prediktering av SA baserat på 
OM.  



IV 
 

 

  



V 
 

 

Acknowledgement 
This research project has been performed at the Department of Vehicle Dynamics Centre at 
Volvo Car Group, in collaboration with the Vehicle Dynamics Group at the Department of 
Aeronautical and Vehicle Engineering, KTH Royal Institute of Technology. The financial 
support by Volvo Car Group, KTH Vehicle Dynamics and VINNOVA (The Swedish Agency 
for Innovation Systems) with grant number 2012-04609 are gratefully acknowledged. 

I would like to express my gratitude to all my supervisors: Egbert Bakker, at Volvo, and Lars 
Drugge and Mikael Nybacka, at KTH. Thank you for all your enthusiastic support, for your 
enriching feedbacks, for the many fruitful discussions, for sharing your knowledge with me 
and for your time and patience. I would also like to thank all my colleagues in the vehicle 
dynamics group at Volvo for the good time spent together and for the time you have invested 
to teach me about subjective assessment and vehicle dynamics development, on dry and icy 
conditions. Also for your key participation in the tests required for this research, and for all 
your ideas. Thanks also to the members of the Vehicle and Rig Testing group for teaching me 
how to run objective manoeuvres with the steering robots and for your enthusiastic and con-
tinued support and collaboration, both in summer and in hard winter conditions, and for your 
ideas. Thanks also to my colleagues in the Vehicle Dynamics CAE section for your continu-
ous help, support and explanations of objective testing and different CAE tools. I would also 
like to express my gratitude to the mechanical team, the staff at Volvo’s proving grounds, and 
to the vehicle engineers, without whom the tests would not have been possible. I also wish to 
thank my colleagues, Professors and PhD Students (few of you already doctors) at KTH, you 
have given life to each of my visits to Stockholm, thanks for the good time and for your ide-
as. I also had very enriching discussion with “my” MSc. Thesis students at Volvo Cars. 
Thanks, Josu Donnay, Carl Andersson, Mohit Asher, Alexander Lönnergård, Johannes 
Vestlund and Raid Mounzer, for your dedication, good work, and good time together. Thanks 
also to their academic supervisors: Lars Drugge, Mikael Nybacka, Bengt Jacobson and Chris-
tian Berger. And, thanks also to Saskia Monsma for our very interesting, enriching and joyful 
collaboration. 

Thanks to all my family for all your support and encouragement, especially thanks to my par-
ents for constantly supporting my education and my career, even when it has meant moving 
far away from you.1 

Thank you! 

Gaspar Gil Gómez  

                                                
1 Mil gracias a toda mi familia por apoyarme y animarme en este largo proyecto. Quisiera especialmente agra-
decer a mis padres todos sus constantes esfuerzos por el bien de mi educación y mi carrera, incluso cuando lle-
gado un punto esto supuso separarme de la familia a países lejanos. Gracias por seguir apoyándome y por la 
fuerza transmitida por cada una de vuestras sonrisas al conocer el más mínimo de mis avances. 



VI 
 

  



VII 
 

 

Dissertation 
This doctoral thesis consists of two parts. The first part introduces the field of research and a 
summary of the performed work. The second part collects the following appended scientific 
papers, which are referred to in the text by their short version, Paper A, Paper B, Paper C, etc. 

 

Appended publications 

Paper A 

Gil Gómez, G.L., Nybacka, M., Bakker, E. & Drugge, L. (2016): Correlations of subjective 
assessments and objective metrics for vehicle handling and steering: A walk through history, 
International Journal of Vehicle Design, Vol. 72, No. 1, pp. 17-67. 

Contributions of the authors: Gil Gómez performed the literature review, analysed previous 
achievements and the existing knowledge gaps in the field, formed conclusions and wrote the 
paper. Nybacka, Bakker and Drugge supervised the work, provided useful feedback and 
proofread the paper. Nybacka also performed a literature review before this paper that served 
as input to the work. 

Paper B 

Gil Gómez, G.L., Nybacka, M., Bakker, E. & Drugge, L. (2015): Findings from subjective 
evaluations and driver ratings of vehicle dynamics: steering and handling, Vehicle System 
Dynamics: International Journal of Vehicle Mechanics and Mobility. Vol. 53, Iss. 10, pp. 
1416-1438. 

Contributions of the authors: Gil Gómez designed the first impression test, recruited the driv-
ers, planned, performed and supervised the tests, analysed the data, formed conclusions and 
wrote the paper. Nybacka, Bakker and Drugge supervised and supported closely and actively 
all stages, provided useful ideas and feedback, and proofread the paper. 

Paper C 

Gil Gómez, G.L., Nybacka, M., Bakker, E. & Drugge, L. (2016): Objective metrics for vehi-
cle handling and steering and their correlations with subjective assessments, International 
Journal of Automotive Technology, Vol. 17, No. 5, pp. 777-794. 

Contributions of the authors: Gil Gómez designed the test, recruited the drivers, planned, per-
formed and supervised the test, analysed the data and wrote the paper. Nybacka, Bakker and 
Drugge supervised and supported closely and actively all these stages, provided useful ideas 
and feedback, and proofread the paper. 



VIII 
 

Paper D 

Gil Gómez, G.L., Nybacka, M., Drugge, L. & Bakker, E.: Machine learning to classify and 
predict objective and subjective assessments of vehicle dynamics: the case of steering feel. 
Submitted for international journal publication, December 2016. 

Contributions of the authors: Gil Gómez designed and implemented the method, performed 
the analysis, formed the conclusions and wrote the paper. Nybacka, Drugge and Bakker su-
pervised the work, provided useful ideas and feedback, and proofread the paper. 

Paper E 

Gil Gómez, G.L., Bakker, E., Nybacka, M. & Drugge, L. (2015): Analysing vehicle dynamics 
objective and subjective testing in winter conditions, Proceedings of the 24th Symposium of 
the International Association for Vehicle System Dynamics (IAVSD 2015), Graz, Austria, 17-
21 August 2015. pp. 759-768. 

Contributions of the authors: Gil Gómez designed the test plan, recruited the drivers, per-
formed and supervised the test, analysed the data, formed conclusions, wrote the paper and 
presented it at IAVSD 2015. Bakker, Nybacka and Drugge supervised and supported closely 
and actively all stages, provided useful ideas, and feedback and proofread the paper. 

Paper F 

Gil Gómez, G.L., Lönnergård, A., Asher, M. H., Nybacka, M., Bakker, E. & Drugge, L.: 
Analysis and optimisation of the objective vehicle dynamics testing in winter conditions. 
Published in Vehicle System Dynamics: Int. J. of Vehicle Mechanics and Mobility, January 
2017. D.O.I. 10.1080/00423114.2016.1278248. 

Contributions of the authors: The main analysis in this work was performed as a MSc. Thesis.  
Gil Gómez designed the test plan, recruited the drivers, performed and supervised both winter 
test campaigns; He also depicted the plan, the main ideas and supervised closely the MSc. 
Thesis at all stages. Finally, he wrote the paper. Lönnergård and Asher performed the main 
part of the analysis work, formed conclusions and suggested the new manoeuvres as their 
MSc. Thesis. They also provided useful ideas and proofread the paper. Asher also supported 
the second winter test campaign. Bakker, Nybacka and Drugge supervised and supported this 
work, provided useful ideas and feedback, and proofread the paper. Nybacka was the aca-
demic supervisor of the MSc. Thesis. 

Paper G 

Gil Gómez, G.L., Andersson Eurenius, C., Donnay Cortiñas, J., Bakker, E., Nybacka, M., 
Drugge, L. & Jacobson, B. (2016): Validation of a moving base driving simulator for subjec-
tive assessments of steering feel and handling. Proceedings of the 13th International Sympo-
sium on Advanced Vehicle Control, AVEC’16, Munich, Germany, 13-16 September 2016. 



IX 
  

Contributions of the authors: The main analysis in this work was performed as a MSc. Thesis.  
Gil Gómez depicted the thesis plan, the main ideas and supervised closely the MSc. Thesis at 
all stages. He also wrote the paper. Andersson Eurenius and Donnay Cortiñas performed the 
tests, performed the analysis work, formed conclusions as their MSc. Thesis. They also pro-
vided useful ideas and proofread the paper. Bakker, Nybacka, Drugge & Jacobson supervised 
and supported this work, provided useful ideas and feedback, and proofread the paper. Jacob-
son was the academic examiner of the MSc. Thesis. 

Paper H 

Gil Gómez, G.L., Vestlund, J., Bakker, E., Berger, C., Nybacka, M. & Drugge, L. (2016): 
Improving subjective assessments of vehicle dynamics evaluations by means of computer-
tablets as digital aid. SAE Technical Paper 2016-01-1629. 

Contributions of the authors: The development of this tablet application was performed as a 
MSc. Thesis. Gil Gómez depicted the thesis plan, the main ideas of the application and su-
pervised closely the MSc. Thesis at all stages. He also wrote the paper. Vestlund programmed 
the software, performed the tests, the analysis work, and formed conclusions as his MSc. 
Thesis. He also provided useful ideas and proofread the paper. Bakker, Berger, Nybacka & 
Drugge supervised and supported this work, provided useful ideas and feedback, and proof-
read the paper. Berger was also the academic supervisor of the MSc. Thesis. 

 

 

Related papers 

The author has also contributed to the following related publications that are not included in 
this thesis.  

Nybacka, M., He, X., Gil Gómez, G., Bakker, B. and Drugge, L. Links between subjective 
assessments and objective metrics for steering, International Journal of Automotive Technol-
ogy, ISSN: 1229-9138, vol. 15, no. 6, pp. 893-907, 2014. 

Ljungberg, M., Nybacka, M., Gil Gómez, G., and Katzourakis, D. Electric power assist steer-
ing system parameterization and optimisation employing computer-aided engineering, SAE 
World Congress, April 21-23, Detroit, USA, 2015. 

  



X 
 

 

  



XI 
  

 

Contents 
 

Abstract ...................................................................................................................................... I	

Sammanfattning ....................................................................................................................... III	

Acknowledgement .................................................................................................................... V	

Dissertation ............................................................................................................................ VII	

Contents ................................................................................................................................... XI	

Nomenclature ......................................................................................................................... XV	

Research question ............................................................................................................... XVII	

Part I Summary of the performed work ................................................................................ XIX	

1. Introduction ........................................................................................................................ 1	

1.1. Background .................................................................................................................. 2	

1.2. Problem statement ....................................................................................................... 3	

1.3. Purpose ........................................................................................................................ 4	

1.4. Research question ........................................................................................................ 4	

1.5. Research hypotheses .................................................................................................... 4	

1.6. Research process .......................................................................................................... 5	

1.7. Limitations ................................................................................................................... 8	

1.8. Outline of the thesis ..................................................................................................... 8	

2. Steering feel and vehicle handling development ................................................................ 9	

2.1. Finding the right combination of vehicle components characteristics ........................ 9	

2.2. Subjective evaluation of steering feel and vehicle handling ..................................... 13	

2.3. Objective evaluation of steering feel and vehicle handling ....................................... 15	

3. Materials and methods for data collection ....................................................................... 19	

3.1. Summer tests .............................................................................................................. 19	

3.1.1. Vehicle configuration selection .......................................................................... 19	

3.1.2. Objective tests ..................................................................................................... 20	

3.1.3. Driver selection ................................................................................................... 21	

3.1.4. Subjective first impression test ........................................................................... 21	

3.1.5. Standard subjective assessment test .................................................................... 23	

3.2. Winter tests ................................................................................................................ 24	



XII 
 

3.3. Tests to validate a moving base driving simulator for vehicle dynamics subjective 
assessments ....................................................................................................................... 25	

3.4. Tests to validate the tablet based subjective assessment questionnaire ..................... 26	

4. Methods for data analysis ................................................................................................. 27	

4.1. Statistics ..................................................................................................................... 27	

4.2. Searching for Correlations: Linear methods .............................................................. 29	

4.2.1. Simple linear regression ...................................................................................... 29	

4.2.2. Multiple linear regression ................................................................................... 30	

4.2.3. Normalisation of objective metrics and subjective assessments ......................... 30	

4.3. Searching for Correlations: Non-linear methods ....................................................... 31	

4.3.1. Artificial Neural Networks: The Multi-Layer Perceptron .................................. 31	

4.3.2. Artificial Neural Networks: The General Regression Neural Network .............. 33	

4.3.3. Artificial Neural Networks: The Self-Organising Map ...................................... 33	

5. Results and discussion ...................................................................................................... 35	

5.1. Analysis of objective metrics .................................................................................... 35	

5.2. Analysis of subjective assessments ........................................................................... 36	

5.3. Correlations of single subjective assessments & single objective metrics ................ 38	

5.4. Considering multiple objective metrics inputs: Results from the self-organising map 
and the general regression neural network ....................................................................... 41	

5.4.1. Objective classification of steering feel: The self-organising map alone ........... 41	

5.4.2. Objective prediction of subjective assessments for steering feel: The self-
organising map with a general regression neural network on-top ................................ 42	

5.4.3. Sensitivity analysis of objective requirements tolerances .................................. 43	

5.4.4. Verification of the previously identified preferred objective metrics ranges ..... 44	

5.5. Results of the study regarding objective metrics for winter conditions .................... 46	

5.6. Results from the validation of the moving base driving simulator ............................ 49	

5.7. Results from using computer-tablets to aid subjective assessments. ......................... 52	

6. Scientific contributions .................................................................................................... 53	

7. Conclusions ...................................................................................................................... 55	

8. Recommendations for future work ................................................................................... 57	

References ............................................................................................................................ 59	

Part II Appended papers ........................................................................................................... 63	

9. Summary of appended papers .......................................................................................... 65	

9.1. Paper A ...................................................................................................................... 65	



XIII 
 

9.2. Paper B ...................................................................................................................... 66	

9.3. Paper C ...................................................................................................................... 67	

9.4. Paper D ...................................................................................................................... 68	

9.5. Paper E ....................................................................................................................... 69	

9.6. Paper F ....................................................................................................................... 70	

9.7. Paper G ...................................................................................................................... 71	

9.8. Paper H ...................................................................................................................... 72	

Paper A ................................................................................................................................. 73	

Paper B ............................................................................................................................... 127	

Paper C ............................................................................................................................... 153	

Paper D ............................................................................................................................... 173	

Paper E ............................................................................................................................... 191	

Paper F ................................................................................................................................ 203	

Paper G ............................................................................................................................... 231	

Paper H ............................................................................................................................... 239	

 

  



XIV 
 

  



XV 
 

 

Nomenclature 
 

List of abbreviations 

ANN  Artificial neural network 
ARB  Antiroll bar 
AWD  All-wheel drive 
CAE  Computer-aided engineering 
COG  Centre of gravity (or centre of mass) 
CR  Constant radius test 
DGPS  Differential global positioning system 
DS  Data set 
DS1  Data set 1 
DS2  Data set 2 
DS3  Data set 3 
EPAS  Electric power assisted steering 
FWD  Front wheel drive 
FR  Frequency response test 
GRNN  General regression neural network 
HS  High speed 
IMU  Inertial measurement unit 
K&C  Kinematics and compliance 
LR  Linear regression 
LS  Low speed 
MBDS  Moving base driving simulator 
MIMO  Multi-input – multi-output 
MISO  Multi-input – single output 
MLP  Multi-layer perceptron 
MLR  Multiple linear regression 
OM  Objective metric(s) 
RBF  Radial basis function 
RWD  Rear wheel drive 
SA  Subjective assessment(s) 
SISO  Single input – single output 
SOM  Self-organising map 
SWA  Steering wheel angle 
SWD  Sine with dwell test 
TRIT  Throttle release in turn 
  



XVI 
 

  



XVII 
 

 

 

 

 

Research question 
 

 

How can the increased knowledge about 
the correlation between subjective assessments and objective measures 

enable an efficient vehicle dynamics evaluation? 
 
 

In addition, how can this knowledge 
be used in new intelligent concepts? 
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1. Introduction 
“On a given day, a given circumstance, you think you have a limit. And you then go for this 
limit and you touch this limit, and you think, 'Okay, this is the limit.' As soon as you touch this 
limit, something happens and you suddenly can go a little bit further. With your mind power, 
your determination, your instinct, and the experience as well, you can fly very high.” 

 – Ayrton Senna 
 
 
 

The complexity of passenger cars is constantly increasing. Fierce competition and con-
tinuously more demanding customers lead to more challenging requirements and to shorter 
development time for every new vehicle project. At present, the development of vehicle dy-
namics is strongly based on subjective assessments (SA), done by expert drivers with proto-
type vehicles. Besides lacking objectivity, this procedure is costly and time consuming. Con-
sequently, there is a strong drive in the vehicle industry to improve the efficiency, objectivity 
and quality of the development process. In the short term, the main aim is to reduce the re-
quired time for gathering and processing test data, while increasing the quality of the SA. In 
contrast, in the long term, it is envisioned that the development will be mainly based on vehi-
cle models: On the one hand, the newest Moving Base Driving Simulators (MBDS) allow 
performing SA in a virtual environment; however, these SA need first to be validated against 
physical SA. On the other hand, Computer-Aided Engineering (CAE) allows to use models to 
predict the performance of vehicles, defined by their objective metrics (OM); however, fore-
seeing, for example, the steering feel of a vehicle and its associated SA based on its OM is 
not a trivial task. Additionally, in the case of winter conditions, CAE simulations are far from 
maturity. 

Moreover, a passenger vehicle is not only a machine that has to deliver a minimum perfor-
mance or transport people safely from point A to point B. It is also a machine to be felt. Con-
sequently, driving experience is one of the most important attributes in vehicle dynamics. 
Unfortunately, there is not yet a fully understood relation between driver’s experience and 
vehicle dynamics equations and/or OM. This implies a great hindrance in the path to achieve 
complete CAE based vehicle dynamics development, which therefore still goes hand in hand 
with non-objective, costly and time-consuming SA. Consequently, if SA are to be computed, 
the first step is to properly understand them and their relations to OM. Increasing this 
knowledge would allow to objectivise the development process, from requirements setting to 
CAE verification, with truthful predictions of the future driving experience and SA of the 
vehicle to be built. Furthermore, this knowledge would permit enhancing the driving experi-
ence via the control strategies of actuators affecting the vehicle dynamics. 
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In earlier research in the field of OM-SA correlations on vehicle dynamics the main objec-
tives have been to identify the preferred OM values and to be able to predict the vehicles with 
best handling and steering feel. 

 
1.1. Background 

The first identified publications in the research area date back to the 1970s, namely the work 
of Walter Bergman at Ford Motor Co. and the work of Friedrich O. Jaksch at Volvo Car Cor-
poration. Both authors focused on control qualities of the vehicle: On the one hand, Bergman 
(1973) indicated that the most important vehicle-handling quality is the ease of control (and 
not the level of vehicle performance). This study was based on the physical and mental effort 
required by the driver to control the vehicle. On the other hand, Jaksch’s (1979) study was 
based on theoretical and experimental tests related to the steering control quality and the per-
formance of the system driver-vehicle regarding their ability to follow a predefined course. 

Later, at the transition from the 20th to the 21st century, the interest in the subject increased 
with the development of objective tests standards (such as ISO 4138:1996, ISO 15037-
1:1998, ISO 3888-1:1999) and with the move into objectivising vehicle dynamics evalua-
tions. Moreover, better computer capabilities enabled deeper studies to understand the rela-
tion between OM and SA. David C. Chen and David A. Crolla aimed to establish a bridge 
between OM and SA using linear regression. Their goal was to identify what characteristics 
to pursue in the design phase, and to utilise computer modelling to achieve these characteris-
tics as early and as efficiently as possible in the process (Chen, 1997; Crolla et al., 1997 and 
1998; Chen and Crolla, 1996 and 1998). Afterwards, Howard A. S. Ash and Crolla took a 
step forward by including in the study non-linear relations, by means of artificial neural net-
works. This allowed obtaining an insight into the preferred ranges of vehicle handling OM 
(Ash, 2002; King et al. 2002) 

The research on the steering feel continued with the contributions of Peter E. Pfeffer, 
Manfred Harrer and Nigel Johnston. They defined evaluation routines for objective testing 
methods with the help of steering robots (Pfeffer et al. 2008b), and developed a model of the 
steering system to evaluate steering feel on-centre. Using the simulation results of this model, 
subjective feel was predicted using identified links between OM and SA (Harrer et al. 2006). 
Although only linear regression methods were applied, identifying preferred ranges was made 
possible by including a sign in the SA (indicating the desired direction of change of the OM 
by the driver) followed by a non-linear transformation of the SA. Pfeffer et al. (2008a) pre-
sented some examples about how these results can be used together with CAE simulations to 
predict expected SA. 

Simultaneously, Guo Konghui performed some studies related to OM and SA evaluations for 
vehicle handling and steering feel. In this case most of the tests were not performed in real 
vehicles but in a MBDS (Guo, K. H. et al. 2002; Zong, D. et al. 2007; Zheng, H. et al. 2013). 
Furthermore, in collaboration with Crolla, they also investigated which OM should be used in 
the search of OM-SA correlations in the field. (Yan B., et al. 2010). Also, simultaneously, 
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Marcus Agebro performed another MBDS-based study on driver preferences of steering 
characteristics and on their influence on drivers’ performance (Agebro, M. 2007). 

Abebro’s work was continued by Malte Rothhämel, who investigated the OM-SA correla-
tions for steering feel and handling of heavy trucks using both physical vehicles and MBDS 
(Rothhämel et al., 2008 and 2010). In these studies, he characterised steering feel and imple-
mented the acquired knowledge into active steering systems (Rothhämel 2010 and 2013). 
Rothhämel also generated a word pool, to identify the main dimensions for describing steer-
ing and handling for heavy trucks (Rothhämel et al., 2011). 

Mikael Nybacka continued this work for passenger vehicles, analysing drivers’ ratings 
tendencies and OM-SA correlations using both linear and non-linear methods, which allowed 
to identify the drivers’ preferred range for some OM (He, X. and Su, Z., 2012; Nybacka et al., 
2014a-b). He also presented how these ranges could be used in CAE simulations to parame-
terise and optimise an electric power assist steering system (Ljungberg, M. 2014). 

In parallel, Saskia Monsma studied the correlations of simultaneously measured OM and SA 
for tyre evaluation using linear and non-linear methods (general regression neural network), 
and analysing the physical and mental effort required by the driver (Monsma, S. 2015). 

Regarding commercial products in the context of driveability, objective evaluation, calibra-
tion, and real-time adaptation of the character of the vehicle to the driving style was presented 
by Schöggl (List and Schoeggl, 1998; Schoeggl and Ramschak, 2000; Schoeggl et al., 2001). 

 

1.2. Problem statement 

Previous studies have defined evaluation routines for objective testing, have started to identi-
fy OM-SA linear correlations and preferred ranges for OM based on non-linear correlations. 

However, the objective evaluation routines have only been defined for summer conditions. 
Consequently, they need to be further developed for winter conditions, which plays a great 
role in the development of vehicle handling. Additionally, the preferred ranges for OM have 
been identified for a very limited number of OM and, therefore, need to be extended. 

Furthermore, although great effort have been dedicated to OM testing routines; the routines 
for SA and their quality need to be studied, because vehicle dynamics development and eval-
uation is still strongly based on SA. Consequently, it is crucial to identify key SA, SA repeat-
ability, the effect of drivers’ rating tendency on SA and how to do more efficient and effec-
tive SA. In addition, there is also a need to understand how MBDS can be used for vehicle 
dynamics SA. 

Moreover, simple single-input-single-output (SISO) OM-SA correlations allows to see a rela-
tion between one SA and one OM but more work needs to be done in order to also consider 
combinatory effects from multiple OM on SA and to understand how modifications in OM 
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affect SA. Besides, there is also a need to identify how the results of these studies are affected 
by factors such as vehicle class or vehicle brand identity. 

 

1.3. Purpose 

The purpose of this research has been to increase the efficiency and objectivity of vehicle 
dynamics development. 

 

1.4. Research question 

The research in this doctoral thesis started with the following research questions: 
• How can the increased knowledge about the correlation between SA and OM enable 

an efficient vehicle dynamics evaluation? 
• In addition, how can this knowledge be used in new intelligent concepts? 

 

1.5. Research hypotheses 

Typically, a research project is divided in three phases: planning phase, data collection phase 
and analysis and synthesis phase (Andersson, 2012). In the former, the planning phase, the 
hypotheses connected to the research questions are formulated. The main hypotheses of this 
thesis are listed below: 

1. There is a relation between driving experience (SA) and vehicle characteristics that 
can be measured (OM). 

2. Expert drivers can feel, identify and estimate changes in OM and to translate them in 
a numerical value (SA ratings of level 5). 

3. Expert drivers are also able to evaluate the quality of the driving experience, and to 
translate them into numerical values (SA ratings of level 2-4). Consequently, vehicles 
with a similar driving experience obtain similar SA. 

4. Vehicles with a similar OM offer similar driving experiences. Therefore, based on 
their OM, vehicle with similar driving experience can be classified into clusters. 

5. Accordingly to hypotheses 3 and 4, vehicle with similar OM obtain similar SA. Thus, 
the driving experience (and therefore the SA) of a new vehicle can be forecasted using 
as a reference known vehicles with nearby OM.  

6. Objective evaluation of vehicle dynamics can be extended to winter conditions. 
7. MBDS can be used to get SA in vehicle dynamics. That means that the SA obtained 

in a MBDS are related to the SA that would be obtained for the real vehicle. 
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1.6. Research process 

The research process of this doctoral thesis has followed the next steps:  

i) Study of the state of the art: To identify the current knowledge in the field of 
study, to learn from previous experiences, and to detect gaps in the field. 

ii) Hypotheses formulation: Based on the previous step and on the research questions. 
iii) Design of experiments: To study the previous hypotheses. 
iv) Data collection: Objective and subjective tests in vehicle dynamics - steering feel.  
v) Analysis of the gathered data: Using statistical tools and artificial neural networks. 
vi) Writing scientific papers: Regarding the results of the previous points. 
vii) Loops back to previous steps: To apply the lesson learned at each preceding stage. 

Figure 1, explained below, depicts the relation between these steps. The dashed lines repre-
sent lessons learned from prior steps. However, the feedback loops are omitted for clarity. 

 

 

Figure 1. Research approach in this thesis: Planning, data collection, and analysis and synthesis phases. 
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The research started with a study of the state of the art in the research field, which resulted in 
Paper A. This included preliminary results and data available from a previous MSc. Thesis 
and research (He and Su 2012; and Nybacka et al., 2014a). A cooperation between KTH and 
Volvo Cars that used two different datasets DS-1 and DS-2, which are reused through this 
doctoral thesis. 

The lesson learned was applied to design, plan and perform new test campaigns. One in 
summer (DS-3) and two in winter conditions. In Paper B, DS-3, which includes a short first 
impression test was used to analyse SA procedures: for instance, drivers’ rating tendency and 
repeatability, key factors in SA for handling and steering feel, and the multicollinearity of 
SA. Later, in Paper C, DS-1, 2 and 3 were used together to investigate the multicollinearity of 
OM and the correlation between OM and SA. This correlation used LR and ANN, with the 
latter allowing to recognise preferred ranges of OM that lead to high SA-ratings. 

Once these drivers’ preferences had been identified, the next main goal was to predict SA 
from OM. This was done using two different ANN: the SOM and the GRNN. The former 
classifies the vehicles in a 2D-map, grouping similar vehicles in clusters. This makes it possi-
ble to foresee the steering feel of a new vehicle, which is close to that of its neighbours in the 
map. The latter superimposes a SA-rating regression surface on top of the 2D-map that pre-
dicts the SA-rating for the new vehicle. The SOM+GRNN map was used to verify the pre-
ferred ranges of OM identified in Paper C. All this is explained in Paper D. 

Regarding the winter tests, a methodology was developed and implemented in a series of 
tests, explained in Paper E. The main goal was to be able to perform OM and SA in winter, 
despite the continuous changing conditions of the ice. The gathered objective data was ana-
lysed via a MSc. Thesis (Asher and Lönnergård, 2015). In this thesis, the vehicle tested in the 
winter campaign was modelled through K&C, tyres, dampers and EPAS measurements. The-
se models were utilised to optimise the objective test manoeuvres for winter conditions. After 
the thesis, these new manoeuvres were compared back-to-back to the originals in a second 
test campaign. Paper F give further details about these studies. 

The same K&C tests and vehicle models were used to validate the new Volvo’s MBDS: Ex-
pert drivers performed the same SA in the MBDS (running these validated models) and in the 
physical vehicles. These ideas were implemented through another MSc. Thesis (Andersson 
Eurenius and Cortiñas, 2015), which main results are presented in Paper G. The SA in this 
MSc. Thesis were aided by a SA questionnaire in a tablet developed via a third MSc. Thesis 
(Westlund, 2015). This software, which implemented ideas from the lesson learned in previ-
ous studies, was validated by studying the viability and the effect of switching from paper 
format to digital format. The App and its results are presented in Paper H. 

In summary, this research approach represents a structured methodology for the study of the 
four pillars of vehicle dynamics development (see Figure 2): OM and SA from experimental 
to virtual testing and their correlations, using statistical and ANN methods. These studies are 
further described through the different sections of this thesis and in the appended papers. The 
focus of each of these papers are outlined in Figure 3, which provides a visual overview with 
darker colours meaning higher focus. 
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Figure 2. The four pillars of vehicle dynamics evaluation can be classified in subjective or objective test-
ing, and in physical or virtual testing. This doctoral thesis has studied all of them plus their correlations. 

 

 

Figure 3. Visual overview presenting the focus of the appended papers. Darker colours correspond to 
more focus; reddish to summer conditions; Bluish to winter conditions (black not related to season). 
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1.7. Limitations 

Development in vehicle dynamics is a constant compromise between steering feel, vehicle 
handling and vehicle ride or comfort. This study is limited to steering feel and vehicle han-
dling, being the former the main subject. As presented in Paper A, there are many possible 
OM and SA. However, this study is limited to the OM and SA that are used at Volvo Car 
Group. Furthermore, SA might change with time. Therefore, although the methodology pre-
sented here can always be reused, the results related to SA, for instance the preferred range of 
OM for high SA ratings, might be valid for a limited time. 

 

1.8. Outline of the thesis 

This thesis is organised in two parts. The first part is the summary of the performed work that 
gives a general overview of the research study, sketched in Figure 1, and summarises the 
work presented in the appended papers. Whereas the second part includes the eight papers (A 
to H) which are the result of this research; see Figure 1. Part I is divided in eight chapters; the 
first chapter is an introduction, which you are reading. Chapter 2 presents an overview to the 
fields of steering feel and vehicle handling development, to the systems related to these at-
tributes in a passenger car, and to the subjective and objective test methods to evaluate them. 
Chapter 3 explains how these tests methods were specifically conducted to gather experi-
mental data for this doctoral thesis. Chapter 4 focuses on the mathematical techniques and 
methods that have been used through this doctoral thesis to search for relations between OM 
and SA: such as statistical methods, linear regression and non-linear ANN. Chapter 5 pre-
sents and discusses the results obtained by analysing the data with these methods. Chapter 6 
lists the main scientific contributions of this doctoral thesis, referring then to the appended 
papers. Chapter 7 summarises the main conclusions of this work, whereas Chapter 8 gives 
recommendations about how to continue with future related work. Finally, Part II appends 
Paper A to Paper H after a brief introduction to the key results of each paper in Chapter 9. 
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2. Steering feel and vehicle handling 
development 
“Man is said to be a reasoning animal. I do not know why he has not been defined as an affec-
tive or feeling animal. Perhaps that which differentiates him from other animals is feeling ra-
ther than reason. More often I have seen a cat reason than laugh or weep. Perhaps it weeps or 
laughs inwardly — but then perhaps, also inwardly, the crab resolves equations of the second 
degree.”  

– Miguel de Unamuno 
 
 

 Cars are driven by people. The guiding principle behind everything we make at Volvo, 
 therefore, is and must remain, safety. (Assar Gabrielsson and Gustav Larson 1927) 

 
Cars are driven by people… a passenger vehicle is therefore not only a device that has to 
deliver a minimum performance, or to transport people safely from point A to point B. It is 
also a machine designed to have a constant interaction with its driver and/or its passengers, 
that is, a machine to be felt. Furthermore, the pleasure of driving a vehicle might be enough 
motivation by itself. The evaluation of vehicle dynamics has consequently an objective and a 
subjective component: performance and feel, respectively. This chapter gives an overview of 
the main systems and components affecting steering feel and vehicle handling, as well as to 
the objective and subjective test methods to evaluate them. 

 

2.1. Finding the right combination of vehicle components characteristics 

Vehicle dynamics development implies finding the right compromise between multiple at-
tributes, being vehicle dynamics one of them. Figure 4 shows how these attributes can be 
divided in different subattributes at different sublevels. Vehicle dynamics itself comprises 
longitudinal, vertical and lateral dynamics; the latter, in turn, can be divided in steering feel 
and handling; and so on (examples of subattributes of level 4 under straight ahead controlla-
bility and of level 5 under torque feedback are presented in Figure 4). Therefore, it could be 
stated that vehicle dynamic development is the art of finding the combination of vehicle 
components that with a limited amount of resources offers the most appealing driving experi-
ence to the customer. 

Finding this right combination of components is not an easy task because there is a large 
number of components that need to be harmonised. Figure 5 shows schematically the compo-
nents and systems of a modern vehicle and of its chassis (Heissing and Ersoy, 2011). Com-
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plementing this graph, Figure 6 shows, as example, a picture of the main components in a 
chassis system, which is the main system associated to steering feel and vehicle handling 
performance. 

 

 

Figure 4. Tree structure of vehicle dynamics, steering feel and handling, and their subattributes. 
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Figure 5. Systems and components of a modern vehicle and its chassis system (Heissing and Ersoy, 2011). 

 

 

 

Figure 6. Vehicle chassis system components, the main system affecting vehicle dynamics performance. 
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The evolution of these chassis systems started already with horse driven vehicles. However, it 
was the arrival of the engine, and with it of higher speeds, what motivated the continuous 
evolution of the suspensions and steering systems, the shock absorbers and the tyres. Later, 
the boom of the electronics and active systems opened a new field of possibilities that can 
easily overwhelm development and test engineers. The interested reader can found history 
overviews in literature, for example in the first chapters of Dixon (2007 and 2009), Heissing 
and Ersoy (2011) and Harrer and Pfeffer, (2017). 

The design of a suspension and steering system starts by defining their kinematic and compli-
ance (K&C), which have a great effect on the steering feel and on the cornering behaviour of 
the vehicle. It is defined by the geometric design and the characteristics of their mechanical 
components. A next step is considering the dynamics characteristics of the components, and 
therefore the dynamic response of the vehicle. An example of a component with a large dy-
namic effect is the dampers.  

Once the “hardware” chassis is defined, active systems –sensors, control algorithms and actu-
ators –allow to further customise the static and dynamic behaviour of the vehicle, even in real 
time. For example, EPAS can modify the steering torque in the steering system. Steer-by-
wire, a step further, even replaces the mechanical links between the steering wheel and the 
vehicle wheels with electrical signals and actuators. There are many other examples of active 
systems such as active springs, dampers, antiroll bars, individually driven or braked wheels 
(torque vectoring or stability programs), active rear wheel steering or even individually 
steered wheels (or even actuation of toe and camber angles). All these active systems open a 
new spectrum of possible chassis set-up combinations, which could be adjusted to the driv-
ers’ preferences even during driving. However, more freedom also involves higher custom-
ers’ expectations, simultaneously with a more complex development and testing process. 

Moreover, there is another key component, with strong dynamic characteristics, that compli-
cates even further the development process: the tyre. The tyre is the only contact “point” with 
the road, through which all the forces and moments between the vehicle and the road have to 
be transmitted. Its characteristics directly affect the vehicle understeer-oversteer balance, the 
vehicle response, the lateral and longitudinal grip, which are interrelated by the “friction el-
lipse” (acceleration and braking adversely affect directional control). The cornering stiffness 
is strongly influenced by the tyre pressure, its load, and reduced by load transfer (dependent 
on the vehicle COG and the roll properties of the suspensions). This stiffness directly affects 
the understeer properties of the vehicle. The associated wheel angles (related to the K&C of 
the suspension system), toe, camber and caster also have effect on the performance of the tyre 
and of the vehicle itself. The combination of toe in the front and in the rear axles might lead 
to a stable or unstable vehicle. Camber affects lateral grip and has strong influence on self-
aligning torque when applying longitudinal forces. Caster has a direct influence on self-
aligning torque and consequently on steering torque. 

Furthermore, despite of intensive research in the last century, the tyre - road interaction is still 
one of the limiting points when performing CAE simulations: “The complexity of the struc-
ture and behaviour of the tyre are such that no complete and satisfactory theory has yet been 



2. Steering feel and vehicle handling development 

13 

propounded. The characteristics of the tire still presents a challenge to the natural philoso-
pher to devise a theory which shall coordinate the vast mass of empirical data and give some 
guidance to the manufacturer and user. This is an inviting field for the application of mathe-
matics to the physical world”. (Pacejka, 2012) 

Additionally, other systems influence the lateral dynamics of the vehicle, finding a compro-
mise is therefore required. For example, body stiffness effects the relative movements of the 
front to the rear axle and the resonance modes of the vehicle. Vehicle design has a big impact 
on aspect such as wheelbase, track width, COG-position. The vehicle weight and its distribu-
tion are highly affected by the powertrain system. These systems also constraints the availa-
ble space for the design and allowed kinematics of the suspensions.  

Consequently, finding the right combination of components, which leads to the optimum ve-
hicle dynamics, is not an easy task, given the number of components and systems that need to 
be harmonised. The next sections explain how vehicle dynamics is evaluated. 

 

2.2. Subjective evaluation of steering feel and vehicle handling 

Vehicle dynamics development implies finding the combination of vehicle components that 
offer the most appealing driving experience. Experience is a blend of person’s emotions, and 
therefore it is subjective, with subjective being defined2 as: 

1) belonging to, proceeding from, or relating to the mind of the thinking subject and not 
the nature of the object being considered 

2) of, relating to, or emanating from a person's emotions, prejudices, etc. 

Consequently, SA have played, play and will play a key role in vehicle dynamics develop-
ment, verification and validation. However, as SA are related to the mind of thinking, they 
also evolved with time. Initial studies, in vehicle dynamics, focused mostly on safety aspects, 
for instance, Bergman (1973), Jaksch (1979) and Ruys and Pauwelussen (1989). Conversely, 
in nowadays vehicles safety has become a must-be or a basic need in a Kano model classifi-
cation (see Paper A for more information about this model). This means that safety is just 
taken for granted, and that the drivers switch their focus to performance or delighter needs, as 
in this case could be the driving experience or the “fun to drive” concept. In Crolla et al. 
(1998) words: “The vehicle should be stable and should not impose excessive control de-
mands on the driver. But virtually all modern vehicles satisfy these criteria, and it is other 
subtle or secondary aspects of handling which are used to differentiate between vehicles and 
which feature strongly in their success in the marketplace”. 

Another consequence of SA being related to the mind of thinking, is that each driver might 
have his own rules when performing these evaluations, and that SA tests can be designed and 
performed in many ways. The state of the art in Paper A compiles together the different pa-

                                                
2 Definition from Collins Concise English Dictionary. 
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rameters that should be considered when designing such tests. Nevertheless, all SA proce-
dures share a common concept, which could be briefly described as follows: The test drivers 
drive/test the test vehicles and afterwards complete a questionnaire with the requested SA 
measurements and/or ratings. It might sound like a trivial process, but as stated above, each 
of the named stages can be design and/or performed in several different ways. Therefore, 
these stages are analysed and discussed in the following paragraphs: 

- “The test drivers…” Who should these test drivers be? Besides being more available, non-
expert drivers might be a better representation of the customer. They would be the standard 
selection for a common research work. Conversely, Farrer (1993) states that expert drivers 
should be preferred, given the highly technical nature of vehicle dynamics evaluation. More-
over, several other authors agree with Farrer: Schoeggle and Ramschak (2000) used expert 
and non-expert drivers and concluded that the former were clearly the best option. Harrer et 
al. (2006) claim that many of the previous investigations lacked consistency in their evalua-
tions due to the use of randomly chosen customers, from different age groups and with gen-
eral difficulties in interpreting the descriptions from SA, recommending therefore only expe-
rience vehicle dynamics engineers with advanced driving training for SA. Dang et al. (2014) 
also agreed claiming that expert drivers can understand each question thoroughly and to con-
nect them with the different sensations felt during the drive. Additionally, Chen (1997) ex-
plained that expert drivers can also perform more advanced manoeuvres keeping enough 
mental capacity left for SA evaluations.  

The next question is therefore: How many drivers are needed? To reach standard values of 
confidence level and margin of error, a standard sociological study would require a minimum 
of 400 drivers, as it is presented in Paper A. However, normal vehicle test clinics are per-
formed with around only 30 participants, and still these clinics are typically done with normal 
drivers. Unfortunately, SA for development requires expert test drivers, who are not available 
in such numbers. Consequently, cost, time and drivers’ availability limit the number of driv-
ers to values between only 3 and 10 drivers for vehicle dynamics SA, which results in studies 
that might suffer of low statistical significance. 

- “…drive/test…” How should the test be performed? SA are done on test tracks, tests are 
done in a safe and well-known environment specially designed for vehicle dynamics testing. 
There exist standard manoeuvres, which try to get more objective or repeatable SA through 
more structured tests, for example, the double lane change (ISO 3888). However, the most 
common practice in automotive testing is the drivers driving freely around the test tracks. 
(Crolla et al. 1998). In contrast to objective testing, SA are normally performed using closed-
loop manoeuvres (see Figure 7). 

- “…the test vehicles…” Which vehicle set-ups should be tested? Well, that depends on the 
purpose of the experiment itself. A recommended procedure to investigate the effects of some 
specific components, and of their combinations, is to use test design techniques as Factorial 
Design, explained in Box et al. (2005). 
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- “…and afterwards…” But, when exactly? Test drivers might answer the questions in many 
different moments, for example: during driving (e.g., via a recorder or a tablet application), in 
small blocks of questions, after testing each vehicle or even after the whole test session. List 
and Schoeggl (1998) interviewed drivers during and after driving and found that the former 
led to a higher number of drivability-relevant criteria. Therefore, each vehicle test moment 
should be short and the SA should be performed shortly after the runs.  

- “…complete a questionnaire with the requested SA…” Which questions should be asked? 
That depends also on the purpose of the research. In this thesis, the structure of the question-
naires mirrors the structure of the attributes presented in Figure 4 (A sketch of the SA ques-
tions are listed in Table 3, in page 23). Note that meanwhile normal drivers are expected to be 
able to evaluate level 2 and level 3 questions, level 4 and level 5 questions would require ex-
pertise in vehicle dynamics to properly understand and assess them. 

Another important issue is that SA questions are not as standardised as OM. Different studies 
use different questions, thus leading to difficulties to compare them. Rothhämel et al. (2010) 
developed a word-pool to identify the key “dimensions” in steering feel of heavy trucks. Pa-
per B shows another word-pool procedure, complemented with a SA-SA correlation study, to 
find key questions for passenger vehicles (which are listed in Table 6, in page 38). 

- “…measurements or ratings…” Drivers can work as a sensor and make an estimation of, for 
instance, how large or small a characteristic is (level 5 SA); or can judge how appropriate, 
good or bad, this characteristic is (level 2 to 4 SA). Figure 1 in Paper B presents an example 
to distinguish these two different subjective rating approaches.  

Furthermore, diverse assessment scales can be used. That might also seem trivial, but Käppler 
et al. (1992), based on a review of test procedures and scales, state that test standards and 
scale deficiencies may lead to inadequate results. The different rating scales are treated in 
Paper A. A study about the effect of using two different scales is presented in Paper B. 

Although development is strongly based on SA, this approach has several drawbacks. Related 
to the mind of the thinking subject, these tests inherently suffer of personal bias and low re-
peatability. Furthermore, this strategy is time-consuming and costly, which conflicts with the 
continuous trend to shorten development time, whereas requirements and customer expecta-
tions are constantly more demanding, and the tuning possibilities of the vehicle become larg-
er. 

 

2.3. Objective evaluation of steering feel and vehicle handling 

The previous section has presented why SA are very important in vehicle dynamics develop-
ment, but that this kind of evaluations implies several drawbacks. Therefore, there has always 
been a drive to move into objective testing. Objective is defined3 as: 
                                                
3 Definition from Collins Concise English Dictionary. 
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1) existing independently of perception or an individual's conceptions 
2) undistorted by emotion or personal bias 

The fact that objective testing is independent of individual’s conceptions involves that test 
results and verification can easily be compared and documented. Objective testing is there-
fore a methodology that tries to describe the characteristics of a vehicle through a series of 
measurements. These measurements are normally performed via a series of well-structured 
and standardised manoeuvres. The logic behind this methodology is simple: exposing differ-
ent vehicles to the same excitations (inputs) results in different responses (outputs). These 
responses are characterised by different metrics, OM, which in turn become a description of 
the different tested vehicles. 

Test manoeuvres can be classified in open-loop or closed-loop manoeuvres; see Figure 7. For 
open-loop manoeuvres, the controlled signal is an input to the vehicle, for example, a defined 
steering wheel angle (SWA) sequence in time. In the closed-loop manoeuvres, in contrast, the 
focus of the control is on the output of the vehicle, for instance, following a defined path.  

 

 

Figure 7. Comparison between open-loop and closed-loop manoeuvres. 

 

For objective testing, open-loop manoeuvres are recommended, because the closed-loop im-
plies that the driver (or the controller if a steering robot is used) influences the vehicle behav-
iour with his/her (its) constant corrections, which would result in not every vehicle being ex-
cited by the same input. For instance, ISO 3888-2 (2002) states the following concerning the 
double lane change manoeuvre: “Owing to driver influence (driving strategy) in this closed 
loop test, there is no possibility of an objective measurement of vehicle dynamics data, only 
subjective evaluation is recommended.” 

Three examples of SWA inputs signals for three of the most used objective tests manoeuvres 
are presented in Figure 8. These manoeuvres are namely: The frequency response (ISO 
7401:2011), the weave test (ISO 136741:2010) and the sine with dwell test (Forkenbrock and 
Boyd, 2007). The bottom-right corner of the figure shows an example of the difference be-
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tween objective measurements and objective metrics for the weave test. The figure represents 
a cross-plot of two different measurements, which could be, for example, steering wheel 
torque and SWA. In Figure 8, different OM are defined, such as gradients and deadbands. 
These OM are used afterwards to describe and compare different vehicles. 

To be able to compare different tests, the repeatability of these input signals is certainly an 
important quality factor. This repeatability can be improved by using steering, acceleration 
and braking robots; see Figure 9. (Pfeffer et al., 2008b) This figure also shows the IMU used 
for logging data, which can be used together with a differential global position system 
(DGPS) for closed-loop / path following testing or to accurately guide the test vehicles 
through the start gate, thus starting the open-loop manoeuvres in the same point of the han-
dling area. 

 

 

Figure 8. Examples of open-loop objective testing manoeuvres, measurements and metrics. 
Left: Frequency response and weave test – typical tests for evaluating steering feel. 

Right (top): Sine with dwell test – typical test used to evaluate handling performance. 
Right (bottom): Cross plot from the weave test and definitions of different OM. 
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Figure 9. Steering robot, computer and controller (left); Inertial Measurement Unit (IMU) (middle); and 
acceleration and braking robots (right). 

 

Finally, another advantage of objective testing, is that these tests can be reproduced in a 
simulation environment, CAE, allowing a more effective evaluations and development pro-
cess. Today, SA can also be performed using model-based simulations in MBDS. Although 
MBDS eliminate the necessity of prototypes vehicles, MBDS also increase the complexity of 
the simulation, for instance, by requiring real-time simulation capabilities to the model. 
Therefore, the final goal for the development of objective testing procedures and methods 
should be to make it possible to objectively predict the driving experience of a vehicle, which 
is also the motivation of this doctoral thesis. 
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3. Materials and methods for data collection 
“By three methods we may learn wisdom: First, by reflection, which is noblest; second, by imi-
tation, which is easiest; and third by experience, which is the bitterest.” 

– Confucius 
 
 
 

A research project is typically divided in three phases: planning phase, data collection phase, 
and analysis and synthesis phase (Andersson, 2012). The planning phase is that in which the 
main hypotheses, connected to the research question, are formulated (introduced respectively 
in sections 1.5. Research hypotheses and 1.4. Research question). The collection phase is the 
subject of this third chapter, which presents its planning and execution. The aim was to en-
sure data with enough quality to draw good and robust conclusions in the analysis and syn-
thesis phase (which is the focus of following chapters). 

In other to collect this data, objective and subjective tests were performed during summer and 
winter conditions. Furthermore, these tests have used experimental testing with real vehicles, 
CAE simulations and test in the MBDS. Objective and subjective testing for vehicle dynam-
ics development were generally described in the previous chapter. In contrast, here the focus 
is on introducing the specific tests that were performed for this doctoral thesis following the 
next order: summer tests, winter tests, MBDS validation tests and tablet-based SA validation 
tests.  

3.1. Summer tests 

Although previous data was already available from the studies presented in Nybacka et al. 
(2014a & b), a new summer test were conducted resulting in a new data set, namely DS3, to 
extend the amount of data, a typical limiting factor in this kind of research. This section ex-
plain how this DS3 was obtained. The resulting final database (when joining DS 1, 2 and 3 
together) comprises 22 drivers and 51 vehicles in C, D, E and SUV classes. 

3.1.1. Vehicle configuration selection 

A total of 12 vehicle configurations were evaluated for DS3. This required the test to be ex-
tended during several days. Therefore, a reference vehicle, which was kept unchanged, was 
also evaluated. Every test day, the test drivers had to start driving this reference vehicle and 
checking the ratings they had given to it on the previous test days to adapt the new ratings by 
identifying changes in vehicle performance related to external conditions, for example road 
friction. 
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To reduce vehicle time adaptation and to avoid bias resulting from external factors, for in-
stance vehicle brand, cockpit set-up, and design, all test vehicles were Volvo S60 or V60, 
which could include a combination of the next modifications:  

i) Powertrain type, which influences the vehicle mass and its distribution.   
ii) Extra load in the trunk, which influences the vehicle mass and its distribution. 
iii) Wheels, tyres and tyre pressures;  
iv) Steering ratio, rack, pinion, and power-assisted systems and set-up;  
v) Chassis setups: toe, damper, springs, bushings and anti-roll bars.  

These modifications aimed to obtain a wide range of OM values, to allow to identify differ-
ences between desired and undesired vehicles, thus recognising key factors affecting SA. 
Therefore, “good” and “bad” performance configurations were required. Time constraints did 
not allow to determine the desired configurations with CAE simulations. Instead, the desired 
vehicle dynamics effects were listed in a table, and vehicle dynamics theory and engineering 
judgement was used to determine which vehicle configuration would produce the expected 
results. For example, a high torque deadband was aimed via a high steering ratio, high steer-
ing power assist set-up and narrow tyres. Some extreme configurations, for instance remov-
ing the antiroll bar in one axle, indicated that the expected spread should be significant 
enough. These configurations were expected to receive lower than normal ratings. Therefore, 
in opposition, high performance prototypes were included in the tests (to get higher SA rat-
ings). 

3.1.2. Objective tests 

To increase the reproducibility of the OM all objective tests were performed on dry asphalt 
and with temperatures above 10 degrees Celsius. Furthermore, to also eliminate the influ-
ences of the driver, open-loop manoeuvres (Figure 7 and Figure 8) with the help of steering 
robots (Figure 9) were applied, as recommended by Higuchi and Sakai (2001), Harrer et al. 
(2006) and Pfeffer et al. (2008). 

A total of 27 objective metrics, categorised as straight-ahead controllability, cornering con-
trollability and low speed manoeuvring tests, have been used in this research; see Table 1. 
These metrics were obtained by performing the following tests at speeds up to 120 km/h and 
lateral accelerations up to 4 m/s2: 

• Straight-ahead controllability included the following standardised tests: swept steer 
(like SAE Standard J266 method 4, but increasing steering from 0 degrees with con-
stant speed up to 2 m/s2), on-centre handling (ISO 13674:2010) and frequency re-
sponse (ISO 7401:2011). 

• Cornering controllability included the following standardised tests: the on-centre han-
dling test and two versions of the swept steer tests (one up to 2 m/s2 and another up to 
4 m/s2). 

• Low speed manoeuvring included the following standardised test: on-centre handling 
(at low speed) and parking efforts (a lock-to-lock sweep of the steering wheel with the 
vehicle standing still and rolling slowly). 
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Table 1. List of the 27 objective steering-feel metrics (OM) used in this research. 
Level 3 Level 4 Level 5 Unit Measure 
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Response 

Window (SWA at 0.05 g) °  OM-1 
Yaw response gain on-centre ° 𝑠 100°𝑆𝑊𝐴  OM-2 
Lateral acceleration response gain low speed 𝑔 100°𝑆𝑊𝐴  OM-3 
Lateral acceleration response gain high speed 𝑔 100°𝑆𝑊𝐴  OM-4 
Gain linearity (Steering sensitivity ratio) −  OM-5 
Response time delay 𝑚𝑠  OM-6 

Roll Control Total roll-rate gradient at 1 Hz (on-centre) ° 𝑠 𝑔  OM-7 

Torque Feedback 
Torque dead-band (SWA at 1.3 Nm) °  OM-8 
Torque build-up (SWA Torsional rate) 𝑁𝑚 100°𝑆𝑊𝐴  OM-9 
Friction feel (Torque at 0 g) 𝑁𝑚  OM-10 

C
or

ne
ri

ng
 C

on
tr

ol
la
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y Response 

Yaw response gain off-centre ° 𝑠 100°𝑆𝑊𝐴  OM-11 
Linear range understeer gradient ° 𝑔  OM-12 
Yaw gain linearity %  OM-13 
Yaw gain at maximum lateral acceleration / maximum yaw gain ° 𝑠 100°𝑆𝑊𝐴  OM-14 
Yaw - SWA phase time lag at 4m/s2 𝑚𝑠  OM-15 
Ay - SWA phase time lag at 4m/s2 𝑚𝑠  OM-16 
Ay - Yaw phase time lag at 4m/s2 𝑚𝑠  OM-17 

Roll Control Total roll-rate gradient during cornering ° 𝑔  OM-18 

Torque Feedback 

SWA torque build-up into the corner 𝑁𝑚 100°𝑆𝑊𝐴  OM-19 
SWA torque build-up cornering 𝑁𝑚 𝑔  OM-20 
On-centre hysteresis (Torque dead-band in degrees) °  OM-21 
Off-centre hysteresis (Torque hysteresis at 0.3 g) 𝑁𝑚  OM-22 
Effort level (Torque at 0.3 g) 𝑁𝑚  OM-23 

Fi
rs

t  
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Yaw low speed response gain on-centre ° 𝑠 100°𝑆𝑊𝐴  OM-24 

Low speed torque build-up (maximum SWA torsional rate) 𝑁𝑚 100°𝑆𝑊𝐴  OM-25 

Parking effort standstill 𝑁𝑚  OM-26 

Parking effort rolling 𝑁𝑚  OM-27 

 
3.1.3. Driver selection 

For this study, expert drivers were selected based on the explanations in section 2.2. Subjec-
tive evaluation of steering feel and vehicle handling. Seven male expert test drivers took part 
in the SA exercise (at least four drivers tested each vehicle). Table 1 in Paper C lists drivers’ 
age span and their years of experience as test drivers. 

3.1.4. Subjective first impression test 

The test drivers could drive freely on the test tracks, as this was their normal procedure. 
However, a “first impression test” (explained further in Paper B) was incorporated before the 
intensive driving of each vehicle. This exercise was structured (i.e., no free driving) and lim-
ited to “low-medium” speeds, including several manoeuvring and parking tests, to emulate 
the very first minutes of driving a vehicle, which are believed to generate a deep imprint in 
drivers’ opinion. The idea was to compare this first impression to the final impression (from 
the extended free driving test), to study how much the SA-ratings changed after an hour of 
intense driving. 
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In this set-up, the drivers found six vehicles (including the reference) as shown in Figure 10. 
All drivers started by driving the reference vehicle and they continued by driving the next 
available vehicle; as drivers were driving simultaneously the order in which each driver ob-
tained a vehicle became random. The procedure was pre-defined: the drivers drove out of the 
parking slot to a low speed cone-slalom. From there, they went to the manoeuvrability area, 
where they drove a figure of eight marked with cones. Next, they drove one-and-a-half laps 
on a circular skid pad. Finally, they drove almost straight ahead to a short handling track de-
signed for low to medium speeds, where they drove one lap before parking the car back in 
any available slot.  

 

Figure 10. First impression test, lay-out and procedure (in the real test there were six vehicles). 

Before testing a new car, the drivers were interviewed, with a voice recorder, about their first 
impressions of the vehicle and the character they associated to the vehicle. They also graded 
both steering feel and handling using the 1 to 10 SAE scale; see Table 2. The whole process 
with five drivers and six vehicles took less than an hour, including the interviews.  

These interviews were first transcribed and afterwards analysed with a word counter, 
Wordle™. This software produces a word-cloud where most often named words appear in the 
largest fonts, thus creating a descriptive picture of each vehicle (see Figure 15 on page 38).  

In a second interview, each driver listed what he thought were the five most important pa-
rameters for steering feel and the five most important parameters for handling. Applying once 
more Wordle™, allowed to therefore identify the key parameters for steering feel and han-
dling, for this group of drivers; see Figure 9 in Paper B. This result was corroborated with 
linear correlation between SA and against previous studies (see Table 6 in page 38). 

 
Table 2. Subjective rating scale for vehicle steering feel and handling levels 2-4. SAE J1441. 

Very poor Poor Fair Good Excellent 
1 2 3 4 5 6 7 8 9 10 

Undesirable Borderline Desirable 
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3.1.5. Standard subjective assessment test 

Following their normal procedure, test drivers drove freely in a handling track, a ride test 
track and a high-speed oval. This allowed complete steering feel and handling testing; in con-
trast to the first impression test, where for instance high speeds were not reached. The test 
drivers normally answered the questions during the tests, as answering the questions as soon 
as possible gives the best results according to List and Schoeggl (1998). 

To keep the compatibility with previous DS (Nybacka et al. 2014 a-b), the questionnaire kept 
the same questions, although it was extended with steering feel level 5 and handling ques-
tions; see Table 3. Levels 2 to 4 questions used the 1 to 10 rating scale presented in Table 2. 
Level 5 questions used a 1 to 5 rating scale with anchored antonym adjective; see Table 4. 

 
Table 3. Overview of the 36 subjective assessments (SA) used in this research  

Level 2 Level 3 Level 4 Level 5 SA - Number 
Steering Feel  SA-1 

First impression*  SA-2 
Response  SA-3 
Torque Feedback  SA-4 
Manoeuvrability  SA-5 
Compliance Feel  SA-6 
Friction Feel  SA-7 
Efforts  SA-8 

Parking/Manoeuvring  SA-9 
Effort  SA-10 
Returnability  SA-11 
Manoeuvrability  SA-12 

Straight-ahead Controllability  SA-13 
Response  SA-14 

Window SA-15 
Roll Control  SA-16 
Torque Feedback  SA-17 

Torque Deadband SA-18 
Torque Buildup SA-19 
Friction Feel SA-20 
Damping SA-21 

Modulation  SA-22 
Cornering Controllability  SA-23 

Response  SA-24 
Roll Control  SA-25 
Torque Feedback  SA-26 

Torque Buildup SA-27 
Returnability  SA-28 
Modulation  SA-29 

Handling Feel  SA-30 
Straight-ahead Stability  SA-31 

Straight Running  SA-32 
Transitional Stability  SA-33 

Stability  SA-34 
Controllability  SA-35 
Capacity Feel  SA-36 

Background legend: Dark grey are questions in all DS (i.e. DS1, DS2 and DS3); light grey are questions in DS2 
and DS3 (i.e. not in DS1); white background are questions only in DS3 (i.e. not in DS2 or DS1).  
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Table 4. Subjective rating scale for level 5 questions. In this example a rating of 2.5 has been given. 

(SA – xx) 
Small  Medium  Large 

1    2  X  3    4    5 
 

3.2. Winter tests  

Winter CAE-based development is highly desired considering that there is only one winter 
test season per year and hemisphere, which limits the possibilities to shorten project times, 
since several winter test periods are normally required. However, in comparison to summer 
testing (regarding objectification), development on winter conditions is a step behind, being 
almost solely based on SA. 

Furthermore, the objective testing standards and their OM, which were designed for high 
friction conditions, are not directly applicable in winter with its low and variable friction. 
Moreover, OM in winter suffer of low signal-to-noise ratio and low repeatability. Conse-
quently, better understanding of objective testing in winter is required for CAE development. 
With this aim, several winter test expeditions were performed during this doctoral thesis: 

• A first campaign was used to understand how expert drivers perform winter SA and to 
adapt, with experts’ help, standard manoeuvres to the available winter test tracks. 

• A second campaign was used to gather objective (with steering robots) and subjective 
(with expert drivers) data from different vehicles configurations. These configurations 
were tested simultaneously against a reference vehicle to track changes in friction. 

• This data was analysed, with the help of a MSc. Thesis, to identify the suitability of 
the different manoeuvres, the effects that the surface conditions have on the meas-
urements (e.g., on repeatability), and robust winter-OM. Based on this study and on 
validated models simulations, new modifications to the manoeuvres were proposed. 

• These proposed manoeuvres were compared back-to-back to the initial manoeuvres in 
a third test campaign. 

The test procedure followed in the second campaign is explained, in depth, in Paper E. The 
main contribution of this method is that it allows to gather huge amount of test data in rela-
tively little time, both for OM and SA. This is required to ensure minimum changes in the ice 
conditions, to be able to associate OM and SA data to each other. Furthermore, the use of a 
reference vehicle makes it possible to monitor the changes in the ice conditions. 

Paper F explains how K&C and tyre measurements were used to build the models used in the 
analysis of data and the CAE-optimisation of the manoeuvres, as well as how the third test 
campaign was performed to compare the manoeuvres. 
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In summary, the main characteristics of all these tests were the following: 

• Expert drivers (see Table 1 in Paper E) were used for this high demanding driving. 
• Four identical vehicles were used; two would be kept unchanged as reference vehi-

cles, for objective and subjective testing, respectively; the remaining two vehicles 
would be changed into 10 different chassis configurations, to serve, each of them, as 
objective and subjective test vehicles. A configuration similar to the reference vehicle 
was included to check for repeatability. 

• Tests were blind. 
• Test drivers drove always first the subjective reference vehicle and immediately after 

the subjective configuration test vehicle. 
• The chosen objective manoeuvres were Constant Radius Circle, Frequency Response, 

a modified Sine with Dwell and Power-off in a turn, to gather data from the steady-
state response, the frequency response, and the transitory response to steering inputs 
and to power-train inputs, respectively. In the last campaign, a swept steer was in-
cluded to adapt the SWA-amplitude of each test to each individual vehicle configura-
tion. 

• Tyre parameterisation was done by TNO using on-ice tyre testing with their truck-lab. 
• The K&C measurements were shared with the validation MBDS study, which is ex-

plained in section 3.3. Tests to validate a moving base driving simulator for vehicle 
dynamics . 

 

3.3. Tests to validate a moving base driving simulator for vehicle dynamics 
subjective assessments 

In the middle of the doctoral thesis, Volvo Car Group acquired a MBDS. This opened a win-
dow of new possibilities in the search of the preferred range of OM or in the study of OM-SA 
correlations, because the MBDS enables to gather SA from vehicle models (see Figure 2). 
However, it would have been an error to blindly trust it, without a previous study regarding 
the validity of its results, that is, a MBDS-validation. This validation was done, with the help 
of a MSc.Thesis, by first obtaining validated models of real vehicles: Firstly, K&C and tyres 
measurements were used to model the vehicles; then, these models were validated against 
physical testing. Once the validated models were available, similar blind tests were per-
formed, by expert drivers, in the MBDS and in the test track. Comparison of the resulting SA 
were used to validate the MBDS. The highlights of this procedure are presented in this sec-
tion, and in more depth in Paper G. Figure 2 in this paper presents a workflow of the method-
ology proposed and implemented for this validation of the Volvo’s MBDS. 

Kinematic and compliance tests 

Advanced vehicle models were built in VI-CarRealTime. To parametrise these models, which 
are based on look-up tables, complete K&C measurements at three bounce levels were per-
formed in Volvo Cars K&C rig (an Anthony Best Dynamics’ SPMM 4000 machine). Three 
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vehicle configurations were measured: A Volvo V40 in its standard configuration, and with-
out antiroll bars in the front, and in the rear. The models obtained from these measurements 
were both used for the MBDS validation and for the winter test manoeuvre optimisation in 
3.2. Winter tests. 

K&C measurements are quasi-static data. Therefore, these tests were complemented with 
curves of dampers and power steering system characteristics; as well as with the magic for-
mula model of the tyres, parameterised by the tyre manufacturer. 

Objective tests 

To validate these models, the same objective test was performed both in the physical vehicle, 
using steering robots; and in the VI-CarRealTime environment. The performed tests were the 
same as those explained in 3.1.2. Objective tests. 

Subjective tests 

Three test drivers participated in this subjective validation; see Table 1 in Paper G. The tests 
were blind and were kept the same in both environments (real test track and MBDS) with 
measures such as: same test track (for the MBDS it had been laser scanned), same load in the 
vehicle, same pressure in the tyres, same order in testing the different vehicle configurations 
and same number of laps to the test track. 

The SA questionnaire was, of course, the same in both environments. However, they were 
partially presented on paper format, and partially presented on digital format, using a com-
puter tablet. The aim was to gather data to validate the viability of the digital questionnaire, 
presented in the next section. 

 

3.4. Tests to validate the tablet based subjective assessment questionnaire 

As it has been named through this doctoral thesis, vehicle dynamics development and evalua-
tion are strongly based on SA. Even when the tendency is moving to virtual evaluations, this 
will require some time. Furthermore, as presented in Figure 2, MBDS allows to merge SA 
with virtual environments. Therefore, optimising and improving SA is a short-term require-
ment to increase the effectiveness of vehicle dynamics development. With this goal, and with 
the help of a MSc. Thesis, a digital based SA questionnaire has been developed, including the 
lesson learned from previous tests and from the state of the art study (Paper A). 

To validate the viability of this new version of the questionnaire, against the old-fashioned 
paper-based version, the subjective test presented in 3.3. Tests to validate a moving base driv-
ing simulator for vehicle dynamics  were utilised. That is the reason why these SA tests were 
performed with both versions of the SA questionnaire. Further information about the proce-
dure can be found in Paper H. 
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4. Methods for data analysis 
“Sir Knight” replied the trader, “I entreat your worship in the name of this present Company 
of princes, that, to save us from charging our consciences with the confession of a thing we 
have never seen or heard of, and one moreover so much to the prejudice of the Empresses 
and Queens of the Alcarria and Estremadura, your worship will be pleased to show us some 
portrait of this lady, though it be no bigger than a grain of wheat; for by the tread one gets 
at the ball, and in this way we shall be satisfied and easy, and you will be content and 
pleased;…” 
 
In bold text: By a small sample, we may judge of the whole piece. 

 – Miguel de Cervantes from Don Quixote 
 
 
 

This chapter introduces briefly the mathematical methods used through this doctoral thesis. 
Besides, each paper always includes a description about the methods used in its respective 
study. In addition, in the state of the art, Paper A – chapter 4, the reader can find a deeper 
study of the different methods or strategies that researchers have used in this field.  

Statistics tools are highly present in studies about correlation of OM and SA, therefore this 
area is treated in the first subsection. Besides, correlation methods can be divided in linear 
and non-linear methods; they are therefore described in subsections two and three, respective-
ly. Regarding the non-linear methods, three different types of artificial neural networks 
(ANN) have been implemented in this thesis and are presented here: The multi-layer percep-
tron (MLP), the general regression neural network (GRNN) and the self-organising map 
(SOM). 

 

4.1. Statistics 

Statistics (functioning as singular) is the science that deals with the collection, analysis, and 
interpretation of information or data in the form of numbers.4 This has exactly been the main 
goal of this doctoral thesis. In this case, the data were those collected following the methods 
presented in 3. Materials and methods for data . This data was then analysed individually, 
thus obtaining individual conclusions about OM and about SA; and later, all together, to 
study if there is any kind of correlation between OM and SA. Consequently, several statistical 
                                                
4 Definition from WordReference Random House Learner's Dictionary of American English. 
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concepts have been applied through this thesis. Therefore, basic definitions of the main terms 
are presented below (for further details see, e.g., Box et al. 2005 or Andersson, 2012): 

• Population: A very large set of N observations, which can be imagined to be the 
source of the sample of observations. 

• Sample: The small group of n observations available. 
• Parameters: Quantities directly associated with a population, e.g. the mean, usually 

designated by Greek letters. 
• Statistics: Quantities calculated from a set of data, the sample, taken from the popula-

tion, e.g. the average, usually designated by Roman letters. 
• Mean (η) and sample average (ȳ), which tells where the scatter of points is centred. 
• Standard deviation (σ) and standard deviation of the sample (s): A measure of spread 

in the same units as the original observations, defined as the positive square root of 
the variance, for the population and for the sample respectively. 

• Median: The value for which 50% of the data fall below and 50% above it. 
• Quartiles: 25% of the data fall below the lower quartile and 25% of the above the up-

per quartile. 
• Quantiles: Values taken in regular intervals in the cumulative distribution. E.g. the 

median is the 2-quantile and the quartiles plus the median are the 4-quantiles. 
• Mode: The most frequently occurring value in the sample. 
• Frequency diagrams or histograms, which give a vivid impression of all the observa-

tions, e.g. their location and spread, if this distribution is symmetric or skewed to a 
side, if all the ratings are used or not. 

• Normal distribution: One case of a symmetric distribution that is of central im-
portance in statistics. It follows a Gaussian bell curve and it is uniquely defined by its 
mean and standard deviation. It is important because the random nature of many pro-
cesses automatically generates this type of probability distribution. That is because the 
central limit effect, or theorem, produces a tendency for real error distributions to be 
“normal like”. Note that the normal distribution is an ideal concept. In the real world 
data seldom follow exactly this distribution. Fortunately, most statistical techniques 
only require approximate normality to be useful. This is the robustness to non-
normality of some common statistical procedures, where robustness means insensi-
tivity to deviations from theoretical normality. 

• Standard normal distribution: The standard normal distribution that has mean zero 
and standard deviation one. Since, by normalisation, any normally distributed varia-
ble can be transformed into the standard normal distribution, it is considered that this 
is the only distribution that needs to be analysed; thus, most tables refer to it. 

• Normalisation: The normalisation used here has consisted in transforming distribu-
tions (assumed to be normal) of OM and/or SA into standard normal distributions, 
i.e., of mean zero and standard deviation one. This was done to adjust values meas-
ured on different scales (for OM) or rated with different scale rating tendencies (for 
SA) into a notionally common scale, which allows the data to be comparable. 

• Confidence interval: Interval in which the value of a parameter is expected to lie. 
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• Normal probability plots: Or normal plots are graphical tools that can be used to rec-
ognise if a small sample follows a normal distribution, and/or to identify individual 
point values that do not originate from a normal distribution. This is important in ex-
perimental data, because it is expected that part of the variation in the measurements 
is caused by the deliberate experimentation and not only due to measurement error. 

• Analysis of variance (ANOVA): is a technique for comparing three or more sample 
means, based on their variation in the data, to determine the possibility that these data 
samples could be from the same distribution. This analysis can be used to conclude if 
the effect of different “treatments” (in this study vehicle configurations) are statisti-
cally significant or if the variations are simply due to noise. 

 

4.2. Searching for Correlations: Linear methods 

Linear methods can easily be used to identify if SA ratings tend to be better or worse for the 
increment or decrement of an OM. These methods therefore indicate if drivers prefer the 
magnitude of the studied OM to be lower or higher. 

In this method, one or more explanatory variables or inputs to the model (in this study the 
OM), might be used to estimate the output of the model (in this case the SA). The different 
options are known, respectively, as simple linear regression and multiple linear regression, 
which are presented below. The third, and last, subsection treats about normalisation, which 
has just been defined, as normalisation is in fact a linear transformation of the data. 

 

4.2.1. Simple linear regression 

Simple linear regression (LR) fits a straight line to estimate a linear model with one single 
explanatory variable, xi (in this study an OM), as seen in Equation (1), where yi is the true 
value (in this study a SA), fi is the regression value, µi is a random component, also called the 
error or residual, β0 is a constant and β1 is the regression coefficient. 

 𝑦- = 𝑓- + 𝜇- = 𝛽3 + 𝛽4𝑥- + 𝜇- (1) 

The approach used to find the best fit is the least squares minimisation, which minimises the 
sum of the squares of the difference between the data and the regression line. The correlation 
coefficient or Pearson’s r is widely adopted as a measure of the strength of the linear depend-
ence between two variables. r ∈	 [-1,1], r = -1 indicates a perfect negative fit, r = 1 a perfect 
positive fit, r = 0 that there is no linear correlation at all.  

The simplicity of this method is the reason why it is among the most used method in these 
kinds of studies; for example, Chen and Crolla (1998), Harrer et al. (2006), Nybacka et al. 
(2014 a & b) and Monsma (2015) used it. This method has also been extensively used in this 
thesis to analyse OM-SA correlations, as well as to analyse multicollinearity of OM and of 
SA, because linearly correlated OM (or SA) should not be used as inputs to multiple linear 
regression or ANN. 
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4.2.2. Multiple linear regression 

Multiple linear regression (MLR) basically follows the same procedure as the simple linear 
regression to achieve the best fit. The only difference is that more than one explanatory vari-
able are introduced simultaneously; see Equation (2). The coefficient of determination R2  
(R2 ∈	 [0,1]) is a measure used to study how well the true values are likely to be predicted by 
the model. 

 𝑌- = 𝛽3 + 𝑥-4 ⋯𝑥-:
𝛽4
⋮
𝛽:

+ 𝜇- (2) 

In this thesis, Yi corresponds to a SA, with i = 1, 2,… , n indicating the different n vehicles (or 
vehicle configurations), which each of these n vehicles having a set of p OM. β0 is the con-
stant in the regression equation. β1 to βp are the coefficients for the regressors xi1 to xip. µi is 
the residual. Least squares minimisation is also used. F-statistics indicates the significance of 
the regression equation and of each regression coefficient in the equation. 

Examples of previous OM-SA correlation studies using MLR are Chen and Crolla (1998), 
Harrer et al. (2006), Rothhämel et al. (2011) and Nybacka et al. (2014 a & b). 

Linearly dependent OM should not be used simultaneously as regressors in Equation (2). Fur-
thermore, using normalised OM is recommended, to identify the most important OM (those 
with the highest associated coefficients, βj). 

If only β0 were considered (β1 to βp are set to zero), this would be equivalent to approximate 
Yi to the mean of the SA-targets. This is the mean-method used as the reference method in 
Monsma (2015). If only β0 and β1 are considered, the method is then reduced to a LR. 

 

4.2.3. Normalisation of objective metrics and subjective assessments 

Normalisation can be applied to OM and to SA. The idea is to transform the data into a da-
taset with mean zero and standard deviation one. Consequently, when normalising every OM 
individually, all the OM are forced to have the same offset (mean) and the same spread 
(standard deviation). In this way, the different OM become comparable. This allows, for in-
stance, comparing the associated coefficients in the LR and/or MLR to identify the OM with 
larger weights on the SA evaluation. Normalisation also improves the learning for ANN, 
which is complicated if the different inputs data represent very different distributions. 

In the case of SA, normalising can be used to compensate for the different use of the rating 
scale by the different drivers; see Paper B. Different rating tendencies implies that drivers 
have different mean rating (for instance, if they are more or less optimist in their ratings) and 
different standard deviation (depending on how much width of the rating-scale they use). 
Both effects can be compensated by normalisation, as it transforms each driver rating distri-
bution to distributions of equal mean and standard deviation (zero and one, respectively). 
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4.3. Searching for Correlations: Non-linear methods 

4.3.1. Artificial Neural Networks: The Multi-Layer Perceptron 

The simplicity of the linear methods is not only their strength, but also their limitation. Linear 
methods can only identify a tendency for preferred higher or lower OM, but cannot identify 
preferred ranges or optimum OM values, as represented in Figure 11. In this case, consider-
ing that the shape is exactly symmetrical and that there are samples throughout the whole OM 
range, the linear method would calculate a horizontal line as the best fit, indicating no corre-
lation between the OM and the SA. In the different case of not having samples in the whole 
OM range, for instance, consider that the dataset only includes vehicles in the left half inter-
val of the OM range in Figure 11. The LR would identify a line with positive slope as the best 
fit, indicating that the higher the OM the better the SA, which would also be misleading (and 
vice versa for samples only in the right half of the OM interval). This specific limitation 
might not be solved by non-linear methods, therefore for this kind of studies, it is required to 
ensure a dataset with vehicles offering a wide range of OM. 

In this thesis, non-linear relations have been studied using ANN. ANN are a kind of mathe-
matical structures that consists of interconnected artificial neurons (perceptrons) that imitate 
the way in which a biological neural system works (e.g., the human brain). ANN have the 
ability to learn from data. A typical multi-layer perceptron (MLP) network consists of an in-
put layer, one or several hidden layers and an output layer of neurons. An example of a MLP 
structure to explore nonlinear OM-SA links is shown in Figure 12.  

 

Figure 11. Example of a shape of SA to OM correlation with a preferred OM range. 

The input xi (OM) is transmitted through the connections by first multiplying it by the scalar 
weight wi to form a product (wi × xi). Secondly, a scalar bias, bi, is added and the result is 
processed with a transfer function, fi. The most commonly used transfer function is the tan-
sigmoid transfer functions, which was adopted in the hidden layer to find non-linear OM-SA 
correlations. The calculated results from the hidden layer are then added together to a scalar 
bias in the output layer and then fed into a linear transfer function in the output layer, where 
the output y is produced and can be compared with the target values (SA). The main principle 
of the MLP is that the scalar weights and the biases can be adjusted to optimise the results. 
This is normally done using a supervised learning algorithm called the generalised Delta rule, 
also denoted as the error backpropagation algorithm (or simply “BackProp”), which minimis-
es a cost function (normally square error) using the gradient method.  
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Figure 12. SISO NN with a hidden layer with three tansigmoid neurons and a linear transfer function in 
the output layer. 

Linearly dependent OM, should not be used simultaneously as inputs to the MLP, as these 
would complicate the learning procedure. Furthermore, OM should be normalised. Besides 
improving the MLP speed of learning, normalisation also allows to identify key OM. As in 
the case of MLR, key OM are those with the highest associated weights. That means those 
with the largest effect on the SA evaluation. 

The amount of data required to train a reliable MLP increases with the number of parameters 
to be adjusted, i.e., by increasing the number of input, hidden, or output neurons. Thus, in-
creasing the number of required training data. The rule of the thumb says that it is required to 
have 10 times as many data as parameters in the MLP, which is presented in Equation 3 and 
Table 5. 
 
 𝑅𝑒𝑞. 𝑇𝑟𝑎𝑖𝑛. 𝐷𝑎𝑡𝑎 = 10 ∗ 𝑁-H:IJK + 1 ∗ 𝑁L-MMNH + 𝑁L-MMNH + 1 ∗ 𝑁OIJ:IJK  (3) 

 
Table 5. Examples of the number of required training data for different MLP examples, as function of the 

number of input-neurons, hidden-neurons and output-neurons; see Equation (3). 

Reference Nr. Inputs-
neurons 

Nr. Hidden-
neurons 

Nr. Outputs-
neurons 

Required  
Training Data 

Paper C 
Nybacka et al. (2014 a & b) 

1 2 1 70 
1 3 1 100 

     
Simple OM 

combinations effects 
2 3 1 130 
3 5 1 260 

     

Rothhämel et al. (2011) 16 7 5 1590 
6 2 5 290 

     
Using all steering-feel OM 

& SA in Table 1 and  
Table 3 

27 30 29 17390 

27 50 29 28790 

     
Simplified steering-feel OM 

& SA in Table 1 and  
Table 3 

17 30 19 11290 

17 30 1 5710 
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Table 5 gives directly an idea of one of the main constrains of the MLP method, it requires a 
huge amount of training data. This is a serious limiting factor in this kind of studies, as it is 
very difficult to accumulate large numbers of OM and SA (specially from expert drivers) 
related to vehicle dynamics. 

The correlation coefficient r (r∈[-1,1]) can also be applied in this case in order to measure the 
strength of the relation identified by the MLP between each pair of OM-SA studied. 

Examples of the application of this methodology to study OM to SA correlations can be 
found in previous and related research: King et al. (2002), Rothhämel et al. (2011) and 
Nybacka et al. (2014 a & b). More information about this method can be found in Paper C, 
which applies the method, and in literature, for example in Marsland (2015). 

 

4.3.2. Artificial Neural Networks: The General Regression Neural Network 

Another alternative to identify correlations (or regression) of non-linear functions is the 
GRNN. The advantage of this network, proposed by Specht in 1991 (Specht, 1991), is that it 
converges to the underlying regression surface, working even fine with sparse data in a mul-
tidimensional space; in contrast to the huge amount of data required for the MLP networks, as 
shown in Table 5.  

The GRNN uses a structure like the one presented in Figure 12. However, the transfer func-
tions in the hidden layer are different. It uses estimators of probability density functions to 
calculate the values for continuous dependent variables, similar in form to the probabilistic 
neural network, also known as normalised Gaussian Radial Basis Functions (RBF). Further-
more, the input to these RBF is not calculated as the dot product of the inputs and the weight 
of the hidden neurons, but as the Euclidean distance of the inputs and the weights vectors. 
The output-layer is also used as a weighted addition of the outputs of the hidden neurons. 

In the GRNN case, the network is built with as many hidden-neurons as the number of vehi-
cles selected for training the network. These hidden-neurons are connected to the input-
neurons (selected OM) through weights with the values of each OM for each respective train-
ing-vehicle (one per neuron). Each of these hidden neurons is connected to the output-neuron 
(SA) through a weight equal to the all drivers’ mean SA given to the training vehicle related 
to the respective hidden neuron. Consequently, the training is simple and requires only one 
epoch. This method was used to find correlations between tyres OM-SA by Monsma (2015). 

Further information about this method can be found in Paper D, where it has been imple-
mented (also on top of a SOM); or in more detail in Specht (1991) and Monsma (2015). 

 

4.3.3. Artificial Neural Networks: The Self-Organising Map 

The previous two ANN are part of the known as supervised learning algorithms, where the 
training examples are provided with target responses (in this case, the SA). The Self-
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Organising Map, or SOM, is instead an unsupervised learning algorithm. This means that no 
targets or desired-outputs are given. Instead, the algorithm search itself for hidden structures, 
inferring a function that describes similarities between the inputs (in this case, the OM-
vectors). 

The SOM, proposed by Kohonen (1982), is the most commonly used competitive learning 
algorithm (Marsland, 2015). In competitive learning, the neurons compete to fire. The SOM 
is based on the winner-takes-all activation. This strategy means that the neuron that best fits 
the input (closest weights-vector to the inputs-vector) is the one that fires. In the learning pro-
cess, this firing neuron is moved in the weight-space even closer to the current input, 
strengthening the neuron-input link. Furthermore, the winning neuron is not moved alone, but 
it also pulls together its neighbours. Consequently, at the end of the learning phase, nearby 
neurons correspond to inputs that are close together. This is the “magic” of the SOM method: 
the relative position of the inputs is represented by the relative position of the neurons in the 
grid, which generates a self-organised map of the inputs space in a space of lower dimension, 
allowing thus, in for example one or two dimensions, visualisation by the human eye. An 
instructive example of the method is presented in Figure 1 in Paper D. 

This method is therefore not used to find correlation of OM-SA, but instead to classify the 
vehicles solely based on their OM. Vehicles which are similar, are clustered nearby in the 
SOM. The method enables generalisation, that is the position of a new vehicle (not included 
in the training) can be calculated in the map. It neighbours, being nearby vehicles, would de-
scribe the expected characteristics of this new vehicle. Consequently, a SA can be inferred by 
the known characteristics of these neighbours. 

This method has two main advantages: Firstly, it is a visual method and therefore it can give 
a lot of fast information to the user. Secondly, it is objective, as it is solely based on OM. 
This implies a third advantage. It is possible to use larger databases that can be built over 
time. OM do not change with time as SA do, therefore, there is no “best before date” for the 
data as could happen with SA. For instance, imagine a 20 years old vehicle with very good 
SA, probably its rating would not be as good in the present; therefore, its SA rating cannot be 
trusted anymore. However, its OM are still the same. If a new vehicle ends being close to this 
20-years-old vehicle in the SOM, the SA might not be trusted, but the SOM still informs that 
its behaviour is close to that old vehicle. Afterwards, it is the decision of the design-engineer 
to decide if this is the appropriate behaviour for the new vehicle. 

However, this does not mean that SA cannot be foreseen with this method. Quite the oppo-
site, this has been done by building a GRNN on top of the SOM; see Figure 19 (in page 43). 
Moreover, the SOM (with or without GRNN) can also be upgraded with the word-pool de-
scription method presented in Paper B (see Figure 15 in page 38), which includes a visual 
description of the key characteristics of the vehicles using word-clouds. Figure 20 (at page 
44) presents the complete method: SOM plus GRNN plus WordCloud. 

Further information about these algorithms can be found for example in Paper D, where they 
have been implemented, or in (Kohonen, 1989) or (Marsland, 2015).  
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5. Results and discussion 
The most exciting phrase to hear in science, the one that heralds the most discoveries, is not 
“Eureka!” (I found it!) but “That’s funny…” 

– Isaac Asimov 
 
 
 

The three phases of a research project are planning, data collection, analysis and synthesis. 
The data analysis phase can be broken down into two activities. The first is data processing, 
where raw data are turned into a quantitative format. The second activity is the actual analy-
sis, which aims at figuring out what the data can tell us. The goal is to turn data into infor-
mation that can be connected back to the research question (Andersson, 2012).  

This chapter focuses on the last of the research phases and presents the analysis process of the 
different studies performed and how the different methods have been used to find results that 
can be used to draw conclusions.  

 

5.1. Analysis of objective metrics 

One of the first analyses should be to check OM for multicollinearity, which means identify-
ing if there exist OM that are linearly correlated. Examples of multicollinear OM are weight, 
volume and mass, considering constant density and gravity. Using these three metrics simul-
taneously to describe an object would result in redundant information. Moreover, it would 
negatively affect OM-SA correlations; because including multicollinear predictors increases 
the standard error of the estimated regression coefficients, making them unstable (the coeffi-
cients may change erratically to small changes of the data) and therefore difficult to interpret. 

Considering all this, linear regressions of OM versus OM were performed, to identify muti-
collinear OM. Figure 13 (bottom-right corner) shows an OM-OM correlation matrix, where 
dark blue means a strong linear relation (r ≥ 0.85) and lighter colours means weaker relations 
(medium blue 0.85 > r ≥ 0.7; light blue 0.7 > r ≥ 0.5; white r < 0.5). 

It can be observed that there is a large group of strongly related OM: response gain straight 
path, lateral acceleration response gain at low and at high speeds, yaw response gain, re-
sponse gain understeer and low speed response gain (OM 2 – 3 – 4 – 11 – 12 – 24). This 
group is also related to another group of collinear OM on a lower level: window, torque 
build-up and torque build-up into the corner (OM 1 – 9 – 19). Additionally, lateral accelera-
tion to SWA phase (OM-16) correlates strongly to lateral acceleration to yaw rate phase 
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(OM-17) and moderately to their difference, yaw rate to SWA phase (OM-15). A medium 
correlation exists between torque deadband and effort level (OM-8 and 23). These relations 
are shown in the form of a net in Figure 13. This study is presented in Paper C, and numerical 
values of the OM-OM regression for steering OM can be found in Table A2 in Paper D. 

 

Figure 13. Multicollinearity between OM and a net of interrelations. 

This result indicates that it might be possible to simplify the OM list by using only one OM 
per group (i.e., from eight OM to only three). This would consequently simplify the require-
ments related to these OM by reducing their number. Furthermore, when setting or optimis-
ing requirements, these linear connections should be considered: for instance, it would not be 
possible to optimise two multicollinear OM without fulfilling their linear relation. However, 
these relations should be rechecked for new chassis concepts, because other kinds of suspen-
sion and/or over-actuation, e.g., rear steering, could break these linear relations. 

Of course, only one OM per multicollinearly related group should be used in regression anal-
ysis with multiple inputs, as it has been the case of the study implemented in Paper D. 

 

5.2. Analysis of subjective assessments 

A similar multicollinearity analysis for SA was also performed. A correlation matrix and a 
net of interrelations (similar to Figure 13) can be found in Figures 11 and 12 in Paper B. This 
paper is an in-depth analysis of the SA, which main results are summarised below: 
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• Figures 3 and 7 in Paper B show, using descriptive statistics and histograms, how 
drivers have different rating tendencies. Some drivers normally give higher (or lower) 
ratings than the rest, or use the width of the rating scale differently. This means that 
the SA of different drivers might not be directly comparable.  

• Figure 4 in Paper B shows how different normalisation strategies can compensate for 
these different rating tendencies. The best results are obtained for the normalisation 
per driver and per attribute, which might mean that the drivers adopt different rating 
tendencies for different attributes. Besides difference in taste, this could be caused by 
drivers rating more neutrally in attributes for which they are less sensitive. 

• Figure 14 (below), and Figure 5 in Paper B, compare the SA ratings obtained in the 
first impression test and in the standard SA test. The results are very similar. Howev-
er, the former test requires only a fraction of the time required by the latter. Therefore, 
this first impression test is an effective tool for an initial scrutiny of a set of vehicles. 
Afterwards, the full method can be applied to a selected group of vehicles. 

 

Figure 14. SA first-impression ratings overlapped with SA final rating for DS3. (a) Steering, (b) handling. 

• Driver SA repeatability was studied via a blind test and the accumulative absolute er-
ror between the SA of different pairs of vehicles; see Figure 8 in Paper B. This analy-
sis shows how some drivers, but not all, gave the closest ratings to the repeated vehi-
cles. This figure also quantifies how much repeatability should be expected for SA. 

• Figure 9 in Paper B presents the word-cloud of test drivers’ key parameters for steer-
ing feel and handling, which highlights the most important vehicle attributes in this 
field, namely: response, build-up, connection and window; see 2nd column in Table 6. 

• Table 6 also summarises the attributes in which most drivers focused in the interview 
for describing the steering feel and handling of each vehicle during the first impres-
sion test. Consequently, these attributes can be considered as key attributes. This table 
compares therefore this method, with the word-cloud in the previous point. The table 
also includes the results of the SA-SA multicorrelation and the dimensions of steering 
feel identified by Rothhämel et al. (2010) for heavy trucks. The large similarities in 
the results of these four different methods indicate a high confidence in these attrib-
utes as being very important for steering feel and handling. 

• The interviews were also used to build a descriptive word-cloud of each vehicle; see 
Figure 15. These word-clouds are later used with the SOM-GRNN method. 
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Table 6. Summary of the steering feel and handling feel key factors found by three different methods, 
compared with the steering feel dimensions used by Rothhämel et al (2010). 

SA – SA correlation 
(SA final ratings) 

Word count 1 
(Top parameters S & H)  

Word count 2 
(Vehicle test interviews) 

Rothhämel et al. (2010) 
Dimensions 

STEERING FEEL 
Steering response Steering response Steering response Response 
     Window  Steering window  Play 
Torque feedback   Resistance 
     Torque deadband  Torque deadband  Resistance 
     Torque build-up Torque build up Torque build-up Resistance 
 Linearity   
  Steering wheel friction Resistance 
  Steering wheel damping Resistance 
Modulation Modulation  Road feel 
 Connection to road Connection to road Road feel 
Roll control Roll control   
  Balance  
Steering parking efforts  Steering wheel force levels Resistance 
  Steering wheel returnability Steering wheel return 
   Ratio 
   Jerk  

(Steering wheel vibrations) 
HANDLING FEEL 

Transitional stability    
     Stability   Stability 
     Controllability    
     Capacity Feel Capacity feel   
 Understeer gradient Understeer level  
  Grip level  
 

 

Figure 15. Word pool examples from two different vehicle descriptions. 

 

5.3. Correlations of single subjective assessments & single objective metrics 

Once OM and SA had been analysed individually, the next natural step was to investigate the 
relation of single OM with single SA (i.e., a SISO OM-SA regression model). This study is 
presented in Paper C. Different methods and strategies were used, which are listed below: 

• Figure 1 in Pacer C shows a comparison of LR results for DS1, DS2 and DS3, indi-
vidually and together. Next to it, Figure 2 compares instead the data division per vehi-
cle class. Because of the small DS, the outcomes can vary greatly depending on the 
sample used. Consequently, the complete DS was chosen for the study. 
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• Linear (LR) and non-linear (MLP) SISO models were used for these correlation stud-
ies (see two examples in Figure 16). Firstly, for all the drivers together; however, de-
spite of applying normalisation to compensate for the different drivers rating tenden-
cies, this method did not identify many correlations (see Figures 4 and 10 in Paper C). 
Therefore, a study driver-per-driver was performed in two-steps: The first step was to 
identify OM-SA correlations for each driver. The second step was to identify common 
results. This method was more successful (see Figures 13 and 14 in Paper C). 

  

Figure 16. Examples of OM-SA (level 2-4) linear correlation (left) and non-linear correlation (right). 

• Descriptive statistic was also extensively used: e.g. mean and confidence intervals are 
used to represent the area of expected SA for a given OM, see Figure 16-left. 

• The correlations related to SA of level 2 – 4 were used to identify the preferred OM 
ranges for obtaining good SA (i.e., ratings equal or larger than 7.0). For instance, in 
Figure 16-left a parking effort below approximately 3.7 Nm is preferred, whereas in 
Figure 16-right ay-SWA time lags over 80 ms (and maybe under 150 ms) get the best 
ratings. The summary of the identified preferred OM-ranges is listed in Table 7. This 
table can be used as an initial guide to the range of OM requirements for obtaining a 
generally good steering feel. These ranges are later verified using the SOM-GRNN 
method. 

• The correlations related to SA of level 5 enable to identify how well expert drivers 
identify the changes in the OM; as well as to identify how a given level of an OM 
magnitude is felt, for instance, as small, medium or large. The subjective medium cor-
responds to a SA rating of three (see rating scale in Table 4). For example, in Figure 
17, torque build-up straight ahead is felt by driver 22 as medium when it is equal to 
approximately 29 Nm/100°SWA. These values are also summarised in Table 7, as 
Lv.5 [value]. An interesting conclusion from these values is that they normally corre-
spond to one of the extremes of the preferred OM-range identified in the previous 
point. This indicates that oppositely to what might be expected, medium is not best, 
instead drivers like to clearly feel an attribute as small or large. 

• 10-quantiles were used to identify if the best and/or worst rated vehicles pushed up or 
pulled down most of the SA, with respect to other vehicles. Figure A1 in Paper C 
shows that vehicles 39 and 43 had normally the lowest ratings. As they also had ex-
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treme OM, the pull-down effect on their own SA could not be demonstrated. Howev-
er, it indicated that these vehicles would have a lot of weight in the correlation study. 
Consequently, it was decided to not consider them in that research. 

 
Table 7. Identified preferred OMs. DS1: C-, D- & E-class. DS2, DS3 and King. et al. (2002): only D-class. 

Within parenthesis (): OM-SA correlation without high confidence, e.g. OM-12: (1.5 – 2.0 °/g).  
Within brackets []: OM corresponding to the middle SA value for level 5, i.e. SA = 3, e.g. OM-1: [4°] 
*Within braces {}: Add-on values to the table after the SOM-GRNN verification study in Figure 22 

No Objective measure All DS DS2 DS1 King et al. 
(2002) 

1 Window [°] < 3.5 
Lv.5 [4] <3.7   

2 Response Gain Straight Path [°/s/100°SWA] > 25 29.5-33.5 25-30 20-25 
3 Lateral Acc. Resp. Gain [g/100°SWA] LS > 1.1 >1.125  >1.25 
4 Lateral Acc. Resp. Gain [g/100°SWA] HS > 1.7 >1.8   
5 Gain Linearity [-] (<1.4) {1.4-1.7}*    
7 Roll Control Straight Path [°/s/g] < 31.25 <30.5   

8 Torque Deadband [°] 1.2-2.0 
Lv.5 [2] <1.6 <2.2  

9 Torque Build-up [Nm/100°SWA] 30-40 {21-28}* 
Lv.5 [31.5] 30-38   

10 Friction Feel [Nm] 1.2–1.7 
Lv.5 [2.2]    

11 Yaw Response Gain [°/s/100°SWA] > 28 30.5-34 28-32 12-20 

12 Response Gain Understeer [°/g] < 2.75 
(1.5-2.0) 1.6-2.1  >0 

13 Yaw gain linearity [%] < 100 
(85-100)    

14 Rel. yaw gain @ max. lat. acc. [°/s/100°SWA] (> 55)    
15 Yaw - SWA Phase Time Lag @ 4m/s2 [ms] (70 – 90) 62-75   

16 Ay-SWA Phase Time Lag @ 4m/s2 [ms] 
> 80 

(80-150) 
   

17 Ay – Yaw Phase Time Lag @ 4m/s2 [ms] < 30    
18 Roll Control Cornering [°/g] (< 4.6) <4.2   

19 Torque Build-up into Corner [Nm/100°SWA] > 18 {11-15}* 
Lv.5 [16] >16.5   

20 Torque Build-up Cornering [Nm/g] > 2.5 
Lv.5[2.1] >2.7 4-6  

21 On-centre Hysteresis [°] --- {7-12}* 11.5-14.5   
22 Off-centre Hysteresis [Nm] 1.5-2.6 2.1-2.6 1.5-2.2  
23 Effort Level [Nm] 3.7-4.3 {2.5-3.7}* 4.2-4.8 3.6-4.5  
24 Low Speed Response Gain [°/s/100°SWA] (> 28) >25.5  20-25 
25 Low speed torque build-up [Nm/100°SWA] 14 - 20    
26 Parking Effort Standstill [Nm] < 3.7 <4 <3.3  

27 Parking Effort Rolling [Nm] < 2.8 
(1 – 2.8) <3.2 >1.5  
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Figure 17. Example of OM (Torque build-up) vs SA (Torque build-up, level 5) linear correlation. Inter-
mediate SA feel (SA rating 3) is associated to a value between 28 and 29 Nm/100 deg SWA. 

 

5.4. Considering multiple objective metrics inputs: Results from the self-
organising map and the general regression neural network 

5.4.1. Objective classification of steering feel: The self-organising map alone 

As explained in 4.3.3. Artificial Neural Networks: The Self-Organising Map, this algorithm 
search itself for hidden structures, inferring a function that describes similarities between the 
inputs. Furthermore, its topology preservation allows to produce a map of the OM space in 
2D, which allows visualisation by the human eye. In simple words, this algorithm produces 
an OM-based map that classifies vehicles. A resulting classification is shown in Figure 18. 
This figure shows two versions of the same map. On the left, the vehicles are coloured based 
on their manufacturer and on the right on their class. Observe that vehicles of the same brand 
and that vehicle of the same class tend to be close to each other. 

 

Figure 18. SOM generated with the selected steering feel OM. In figure (a) the vehicles names are col-
oured based on their manufacturer, whereas in figure (b) they are coloured based on their class. Dummy, 

in grey, are modified vehicles, which are not representative of neither a class nor a manufacturer. The 
axes indicate the neuron index in the 100x100 neurons grid, which can be seen as dots in the background. 

Consequently, this simple classification objectively depicts the existence of a steering feel 
brand identity; that is, vehicles from the same manufacturer are clustered together. In addi-
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tion, there is also a, maybe less strong, vehicle specification for each vehicle class. Note that 
this analysis is limited to steering feel. 

A greater advantage of this method is that it allows one to visually interpret a huge amount of 
data: 49 vehicles with 27 OM are represented in Figure 18. In fact, this figure is generated 
using a subset of normalised OM (OM-4, 5, 6, 7, 8, 9, 10, 13, 16, 18, 19, 20, 21, 22, 23, 26 
and 27; see Table 1), after eliminating multicollinear OM. Studying directly the raw data (the 
OM), it would be extremely difficult to identify to which vehicles a new vehicle would be 
similar. However, this can easily be done using Figure 18. Furthermore, this figure can be 
used to foresee the steering feel of a vehicle already from its requirements, by just feeding the 
OM requirements to calculate the position of this new vehicle in the map. The neighbours of 
this new vehicle gives a description of which steering feel should be expected. An example of 
this prediction is presented by a rhombus and a star in Figure 19, which is complemented 
with the SA-rating prediction presented in the following subsections and in Paper D. 

5.4.2. Objective prediction of subjective assessments for steering feel: The self-
organising map with a general regression neural network on-top 

The SOM in Figure 18 is solely based on OM. However, as each vehicle in the map has an 
associated steering feel, this method can foresee the SA of a new vehicle. Moreover, this SA 
prediction can be upgraded by using the associated SA-rating of each vehicle; see Figure 19-a 
(which shows a different SOM from that presented in Figure 18). Figure 19-c shows an ex-
ample of a SA prediction: a rhombus (vehicle requirements) and a star (real vehicle meas-
urements) are the predicted positons of a new SUV vehicle, its neighbours explains which 
steering feel is expected for this new vehicle. Furthermore, the method foresees a SA-rating 
of 7.6 and 7.7 (requirements and real OM, respectively) for the steering feel first impression. 

This prediction has been done by including a regression surface, which allows one to interpo-
late SA-ratings between the available rated vehicles (i.e., not all the vehicles in the SOM need 
to have an associated SA-rating for the method to work). How this surface works is shown 
step-by-step in Figure 19. Figure 19-c shows the resulting final SOM+GRNN. The complete 
version of the figure includes the information of Figure 18 and Figure 19-c together, that is, 
the names of the vehicles in the map and the SA-rating represented by the isolines (in this 
version, the name of the vehicles have been removed because of confidential reasons).  

As explained above, in the example in Figure 19, the regression surface predicts SA-ratings 
of 7.6 and 7.7 for the SUV represented by the rhombus and the star, respectively, the initial 
requirements and OM of the final vehicle. Therefore, this SUV would be the highest rated 
SUV in the database (SUVs are represented by black dots in Figure 19), which indicates that 
a good steering feel is expected for this new vehicle. Moreover, note that this SUV is between 
the highest rated SUV and the overall highest rated vehicles. 

This SA prediction can also be complemented with the word-cloud strategy presented in Fig-
ure 15, resulting in Figure 20 (the GRNN is not required). These three methods together give 
a very complete SA prediction or idea of the steering feel of a new vehicle in a single glace. 
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Figure 19. SOM upgraded with a GRNN of SA: (a) A new SOM including the SA-ratings of each vehicle 
(b) SA-ratings seen as a third dimension on top of 2D-SOM. (d) The GRNN algorithm - approximating 

this third dimension with a regression-surface. (c) Back to 2D including the SA-rating regression-surface. 
SA-rating prediction example: The diamond and the asterisk show the expected position a new vehicle 

based on their requirements and their real OM, respectively; in parenthesis, its predicted SA-rating. The 
xy-axes indicate neuron index in the 100x100 neurons grid; the z-axis represents SA rating. 

 

5.4.3. Sensitivity analysis of objective requirements tolerances 

In the previous section and in Figure 19 it was presented that the SOM (with or without the 
GRNN) allows to predict the position in the map of a new vehicle from its requirements 
(rhombus in Figure 19) and even to follow its evolution up to the final vehicle (star in Figure 
19). In the same way, it is possible to analyse the evolution of a vehicle that deviates from the 
initial requirements, but that keeps the OM within the tolerances given in the vehicle specifi-
cations. That is, a sensitivity analysis of the allowed tolerances of the required OM. 
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Figure 20. A SOM + GRNN map complemented with word-cloud descriptions of each vehicle (as present-
ed in Figure 15). 

 

Figure 21 shows three examples of sensitivity analyses of OM-tolerances. The two examples 
on the left are OM with tolerances that have a large effect on the position of the vehicle in the 
SOM. In these examples, when changing the OM of this new SUV within tolerances, the po-
sition of the vehicle is kept in areas of high SA-ratings, but it separates from the main cluster 
of high rated SUVs. Therefore, it would be wise to recheck if the given tolerances for these 
OM are appropriate. In contrast, in the example on the right, the tolerances of the OM do not 
affect the position of the SUV in the map, which is desirable. 

This sensitivity analysis is not limited to the tolerances of the requirements, as in the example 
in Figure 21. It can, of course, also be applied to other parameters. For instance, to the tuning 
range of any component: In this case, CAE simulations could be used to calculate the OM of 
a vehicle with, for example, different available sets of shock absorbers. Calculating the dif-
ferent positions of these simulated OM in the SOM would explain how the steering feel 
would be affected by these shock absorbers.  

 

5.4.4. Verification of the previously identified preferred objective metrics ranges 

Calculating in the SOM the position of the different points within OM-requirements enable to 
predict all the possible steering feels that are within tolerances of the specified vehicle. A 
major benefit is that it can be done already in early development phases. An example of this 
study is presented in Figure 22.  
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Figure 21. Analysis of the effect of requirements tolerances for the SUV-example in Figure 19. (a) and (b) 
OM-13 and OM-7 having large effects. (c) OM-18 with low impact in the position in the SOM. 

However, this figure does not present the area within tolerances of the SUV in the previous 
figures. Instead, it has been used to verify the preferred values for the steering-feel OM pre-
sented in Table 7. The area of green points represents the vehicles that fulfil these criteria. 

It is interesting that there are no green points in the positions of the highest rated vehicles 
(SA-rating equal to 8.3). Therefore, the preferred range listed in Table 7 was compared to 
these three vehicles. These vehicles had: A higher steering sensitivity ratio (OM-5): between 
1.4 and 1.7. A lower torque build-up on centre (OM-9), between 21 and 28 Nm/100 deg of 
SWA. A lower torque build-up into cornering (OM-19), between 11 and 15 Nm/100 deg of 
SWA. An on-centre hysteresis (OM-21) between 7 and 12 degrees and a lower effort level 
(OM-23), between 2.5 and 3.7 Nm. The rest of OM are within the indicated preferred range. 
These modifications have consequently been included in Table 7 within {}. 

 
Figure 22. In green the area in the SOM covered by the possible combinations of OM within the pre-

ferred range proposed in Table 7. 
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5.5. Results of the study regarding objective metrics for winter conditions 

Winter testing plays an essential role in vehicle dynamics development, because important 
characteristics such as a good handling balance are evaluated driving on ice. Today, however, 
these tests are strongly based on SA. Therefore, the goal of this study was to enable the ob-
jective evaluation of vehicle dynamics in winter conditions, which would, for instance, al-
lows one to complement these tests with the methods previously presented in this thesis. 

With this aim, the main three vehicle configurations of those presented in section 3.2. Winter 
tests were studied. These configurations are the standard vehicle (which in this case was simi-
lar to the reference vehicle), the vehicle without the front antiroll bar (ARB) and the vehicle 
without the rear ARB. The main results are presented here and in more depth in Paper F. 

The first outcome from these winter tests, as shown in Figure 23, is a demonstration of the 
difficulty to characterise a vehicle under these conditions, given the low robustness of its ob-
jective measurements. The top-row of the figure compares the responses to a SWD of two 
different vehicle configurations that were tested simultaneously. Firstly, it might be believed 
that the different responses are clearly differentiable. However, observing the bottom-row, 
which in contrast presents the measurements performed during two days to the unchanged 
reference vehicle, it is possible to notice that the response of this single vehicle changed in 
the same level as the changes observed in the top-row of the figure. This means that it is un-
fortunately not possible to know if the changes in OM are caused by the modifications of the 
vehicle configurations or by variations of the ice conditions. Consequently, the first conclu-
sion is that to be able to compare measurements taken non-simultaneously (that is, mostly 
any measurement) a reference vehicle is required to monitor changes on road conditions. This 
increases significantly the complexity of the test planning, execution and analysis. 

 

Figure 23. (a) & (b) Configuration 2 vs Reference 2; (c) & (d) Reference-vehicle over two test days. 
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After this result, a natural step was to identify OM that allow to differentiate the vehicle con-
figurations. This was done using Analysis of Variance (ANOVA). The concept is simple: the 
effect on the OM of the vehicle modifications must be statistically significant, whereas for 
the different measurements of the reference vehicle, the changes in the OM must be con-
versely non-statistically significant. Based on this concept, the OM were classified in robust, 
medium or noisy; see Table 8. The classification criteria were the following: 

i) For the configuration-vehicle a high statistical significance is desired, this im-
plies low p-values: green: p ≤ 0.2; yellow: 0.2 < p ≤ 0.4; red: p > 0.4 

ii) For the reference-vehicle a low statistical significance is desired, this implies 
high p-values: green: p ≥ 0.8; yellow: 0.8 > p ≥ 0.6; red: p < 0.6 

iii) Finally, robust OM are considered those with both p-values green, noisy those 
with at least one p-value red and medium otherwise. 

Although most of the OM in Table 8 are noisy, many of Volvo’s OM (which cannot be dis-
closed) are robust, mainly OM related to yaw rate, lateral acceleration and body slip angle. 

Table 8. Standard OM robustness classification for SWD, CR, FR and TRIT, based on the analysis of 
variance (ANOVA) of the standards OM from experimental tests 

Test Classification Metrics Conf-veh 
p-value 

Ref-veh 
p-value 

SWD Noisy Yaw rate ratio 1 s after completion of steer 0.62 0.46 
Medium Yaw rate ratio 1.75 s after completion of steer- 0.00	 0.59* 

CR 

Noisy Steering wheel torque gradient 0.2 g 0.77 0.84 
Noisy Steering wheel torque gradient 0.3 g 0.86 0.91 
Noisy Steering wheel torque gradient 0.1 g 0.69 0.88 
Noisy Steering wheel torque gradient 0.05 g 0.46 0.92 
Robust Understeer coefficient from 0.05 to 0.15 g 0.02 0.91 
Robust SWA from 0.05 to 0.15 g 0.02 0.91 
Noisy Roll angle gradient from 0.05 to 0.15 g 0.01 0.00 

FR 

Noisy Lateral acceleration gain at 3 dB frequency 0.71 0.03 
Noisy Yaw velocity gain 0.00 0.38 
Noisy SWA/ay phase angle time if no crossings 0.88 0.15 
Noisy SWA/ay phase angle time crossing 0.46 0.41 
Noisy SWA/Yaw rate phase angle time if no crossings 0.65 0.72 
Noisy SWA/Yaw rate phase angle time crossing 0.07 0.16 

TRIT 

Noisy Maximum SSCG during observation period 0.62 0.67 
Noisy Ratio maximum yaw rate 0.49 0.87 
Noisy Average ax 0.76 0.11 
Noisy Difference between SSCG at tn and steady state SSCG 0.66 0.46 

Medium Difference yaw rate and reference yaw rate 0.22 0.60 
SSCG = body slip angle gradient 
tn = Time 1 s after the throttle was released in TRIT manoeuvre 

The next step was to improve the manoeuvres to get OM that are more robust. This was done 
using VI-CarRealTime models parametrised with real measurements (such as K&C or tyre on 
ice measurements), and verified against the real data from the winter test. Figure 24-left pre-
sents, as an example, the simulated results of the suggested new SWD for the three vehicle 
configurations in this study. These configurations could be distinguished without the vehicle 
becoming unstable. Figure 24-right shows the mean values of the four test repetitions of the 
real measurements for this manoeuvre during the second test campaign. Note that the results 
need to always be compared to the reference vehicle, because of the issue presented with Fig-
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ure 23, and that the plots on the left and right are very similar, which validates the simula-
tions. 

 

Figure 24. Results for the modified SWD manoeuvre. Left- Simulation results. Right – Experimental re-
sults from a second test campaign. 

The goal of this second test campaign was to verify if the proposed manoeuvres were in fact 
better. Figure 25 shows experimental data comparing the initial, the proposed and the stand-
ard SWD (with an initial lateral acceleration of 0.1 g, given the lower available friction). The 
largest differences in the final slope, which was the design criteria, are observed in fact for 
the new manoeuvre (second row), with the standard SWD hardly showing any difference 
between vehicles. However, it seems that the best results are obtained with the initial ma-
noeuvre, with largest differences between configurations 1 and 2 (relative to the reference), 
whereas it also indicates that configuration 3 and reference 3 are similar set-ups. 

 

Figure 25. Comparison of the mean experimental results for the different SWD in the second winter test.  
Top - initial SWD (Figure 23). Middle - modified SWD (Figure 24). Bottom - the standard SWD. 
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5.6. Results from the validation of the moving base driving simulator 

As presented in Figure 2, MBDS enable gathering SA from expert drivers using vehicle mod-
els. Therefore, they are effective tools to increase the dataset of available SA, which is a need 
for some regression methods, as for instance the MLP; see Table 5. Consequently, several 
authors, such as Guo et al. (2002), Agebro (2007), Zong et al. (2007), Rothhämel et al. 
(2011) and Dang et al. (2014) have used MBDS in their studies. 

However, to trust the SA obtained in a MBDS, the MBDS needs first to be validated. A vali-
dation of Volvo’s MBDS was done in Paper G, following the workflow presented in Figure 
26. There are two main validation windows: Firstly, the validation of the models, which most 
studies using MBDS perform. Second, the validation of the SA, in fact the real MBDS valida-
tion for these studies. This validation means assuring that the SA obtained in the MBDS 
(once the models have been verified) are representative to the SA that would be obtained in 
real tests. This section summarises the main results of these two validations. 

 

Figure 26. Workflow of the methodology proposed and implemented to validate the MBDS.  

Figure 27 shows an example of the validation for two of the models for the SWD manoeuvre, 
specifically the “ON-OFF KnC” (in green in the figure) and the “ON-OFF ref” (in red in the 
figure) models. The former was obtained from direct measurements of the vehicle, without 
rear ARB, in the K&C rig. The latter was derived by removing the rear ARB in a model that 
had been obtained by measuring in the K&C rig the vehicle with both antiroll bars. Both 
models present a response close to the measurement of the experimental tests, with the physi-
cal vehicle (in blue in the figure). It can be appreciated that removing the ARB in the virtual 
environment did not give as good results as measuring again the vehicle without the rear 
ARB (in the case of the front ARB the differences were smaller). 
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Figure 27. Validation of the “ON-OFF ref” (red) and the “ON-OFF KnC” (green) models. The former is 
derived by removing the rear ARB in the model. The latter by measuring the vehicle without rear ARB in 

the K&C rig. In blue, data from real testing. Top – High SWA SWD. Bottom – Low SWA SWD. 

 

Once that the models were considered good enough (see Figure 27), the next step was the 
validation of the SA in the MBDS, that is, the final goal of the validation; see Figure 26. As it 
had been shown that the repeatability of SA by drivers was not always clear, see Figure 8 in 
Paper B, it was decided that a best option would be to check how the relative SA changed 
from one vehicle to another. This means answering whether if a vehicle configuration would 
be felt as better than other configuration in the simulator, if that had been the case in the real 
word.  

Figure 28 shows this comparison for the SA related to steering feel (top figure) and for the 
SA related to handling (bottom figure). In numbers, 78 % of the steering feel SA ratings 
changed in the same direction in the simulator as in physical testing, with an average devia-
tion of 18.7 %. Whereas for handling, 94 % of the SA ratings changed in the same direction 
in both environments with only a 6.3 % deviation. 

These results are very promising, considering that it was an early validation of the MBDS, 
which has been since then continuously improved. However, these results also indicated, ob-
jectively, that more effort had to be dedicated to improve the steering feel of the simulator 
than its handling feel (for which it already presented very good results). 
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Figure 28. Relative change of the SA between vehicles. Comparison of the results in real testing against 
simulator testing, for SA questions regarding steering-feel (top) and handling (bottom). 

 

Besides answering a questionnaire with SA ratings, the drivers were interviewed after each 
drive in the MBDS. The main results of these interviews are the following: 

• All drivers assessed the standard configuration as being the best, which was very posi-
tive, as that was the vehicle with both ARB. Furthermore, the drivers were not sure 
about which improvements to suggest for this configuration, which was also positive, 
as this was the production version of the vehicle. 

• In contrast, for the other vehicle configurations, the drivers suggested to increase the 
roll stiffness of the axle that had the ARB removed. 

 
The drivers also expressed that some improvements on steering feel of the MBDS were de-
sired, which corroborated the results presented in Figure 28. 
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5.7. Results from using computer-tablets to aid subjective assessments. 

As already portrayed in the previous two sections, the final goal of this doctoral thesis was 
not just to find correlations between OM and SA, but to increase the effectivity of vehicle 
dynamics development. This development is in the present still strongly based on SA, as it 
has been seen through this thesis. Therefore, a short-term objective was to increase the effec-
tivity of the SA process.  

Consequently, during this doctoral thesis, a computer tablet application was developed to 
update the SA procedure, which was still based on a pen and paper questionnaire. However, 
as in the case of the MBDS, if the method is changed, it should be validated that the obtained 
SA ratings are not affected and that they are still comparable to those of the previous proce-
dure. To optimise the experimental part of this project, this validation was done in conjunc-
tion with the MBDS tests. The main results are presented here. 

To perform an objective validation, OM were defined and used. These metrics were comple-
tion ratio, answering error ratio, transcription time of the data to a useful electronic format 
and the effect on the rating tendency of the drivers, which includes analysing the minimum 
rating-step and the rating spread of the drivers’ SA. Table 9 describes these OM and lists the 
results, indicating that using the tablet led to improvements in all the metrics. 
 
Table 9. Validation of the tablet-based SA: Comparison of metrics results for the SA in the pen & paper 

method and for the tablet method (for SA questions of levels 2 to 4). 
Metric Description Pen and paper Computer tablet 

Completion 
No. of	answered	questions	

No. of	questions
 90 % 100 % 

Data 
resolution 

Rating step used by the drivers 
(0.1, 0.25 or 0.5) 

0.25-steps à 1 of 4 drivers 
0.50-steps à 1 of 4 drivers 
0.10-steps à 2 of 4 drivers 

0.10-steps à 4 of 4 drivers 

Error 
rate 

Erroneous	answered	questions
No. of	questions

 10 % 0 % 

Transcription 
time 

Time required to transfer the 
data to electronic format 10 min per form < 2 minutes per form* 

Rating 
spread 

Based on the standard deviation 
of drivers’ SA 0.8 0.7 

Rating 
tendency 

Based on the analysis of drivers’ 
rating histogram 

Rating tendency histograms 
 presented in Figure C1 in Paper H 

*The process to transfer the data to Excel format was not automatised yet; further time reductions are expected. 
 
Moreover, an interview performed with every driver after using this new method indicated 
that the user experience was also positive: None of the participants expressed that the app 
was difficult to use. However, one participant expressed that the interface of the software was 
unintuitive; furthermore, most of the drivers expressed that the app lacked overview com-
pared to the paper based approach and that it was more difficult to compare their answers to 
the ratings of previously tested vehicle configurations. These issues were addressed in a se-
cond development phase of the application.  
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6. Scientific contributions 
“Both optimists and pessimists contribute to society. The optimist invents the aeroplane, the 
pessimist the parachute” 

― George Bernard Shaw 
 
 
 

This chapter summarises the main scientific contributions of the thesis and its appended pa-
pers. 

- An extensive state of the art study in the field of correlation of OM and SA is present-
ed in Paper A. It goes through the central questions to be considered when planning a 
study like this. It also presents the principal methods that have been used and the main 
findings in previous research studies. Finally, it focuses on the main gaps or questions 
that still need to be answered in the field. 

- A multicollinearity analysis of OM (Paper B and Paper D) and SA (Paper A), in-
cluding a net of interrelations has been presented. These interrelations allow to reduce 
the number of OM (and requirements) and of the SA (and SA-questions), and to iden-
tify key SA in relation to SA in higher levels. 

- It has been shown that a short structured test, as the first impression test, can lead to 
almost similar results as the standard and long free driving test. (Paper B). 

- Paper B also demonstrates that drivers have different rating tendencies, for instance, 
some drivers tend to give higher (or lower) ratings than other drivers. Moreover, they 
use the resolution and the width of the rating scale differently. The SA repeatability of 
expert drivers has also been analysed in this paper. 

- The main parameters for steering-feel and handling of passenger cars were identified 
using three different methods: SA-SA multicollinearity, word-clouds of named main 
parameters by expert drivers, and word-clouds of the most commented attributes in 
recorded vehicle evaluations by the expert drivers. (Paper B) 

- Paper C shows the low robustness of this kind of studies because of the common low 
number of vehicle samples in the available datasets. 

- The preferred OM range for steering-feel (those giving a rating higher than 7.0) were 
identified using linear and non-linear correlation methods. A table in Paper C pre-
sents these preferred OM values, which were afterwards verified, and slightly tuned, 
using the SOM+GRNN method presented in Paper D. 

- Paper C also presented the concept of subjective medium (i.e., when an OM is felt as 
medium, and not large or small) and indicated that this medium is not subjectively as-
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sociated to the best, as drivers prefer an attribute to be felt as low or high. The OM 
values corresponding to these SA mediums were identified for several OM and are 
summarised in a table, together with the preferred OM range. 

- Using a new proposed combination of methods: SOM + GRNN (Paper D): 
o Passenger cars are classified based on their OM in steering-feel using SOM.  
o This method demonstrated objectively that there is a brand identity and a vehi-

cle class specialisation, at least for steering-feel. 
o Furthermore, this method can be used to foresee SA based on OM, the case of 

steering-feel is presented in this thesis. The steering feel of the new vehicle is 
described by the steering feel of the neighbouring vehicles in the SOM. This 
prediction is complemented with word-cloud descriptions of the vehicles 
(from Paper B). 

o This qualitative SA forecast is complemented with a prediction of the ex-
pected SA-rating using a regression surface (built using GRNN). 

o This method can also be used to verify, via sensitivity analysis, the require-
ments of a vehicle and their tolerances, as well as any other degree of freedom 
in the development. During this development, the evolution of the vehicle can 
also be easily documented in the SOM-map. 

- A method to allow objective testing in winter conditions, for vehicle handling, has 
been introduced in Paper E. This method has been verified and further developed us-
ing vehicle dynamics simulations with validated models in Paper F. The main contri-
bution of this test procedure is enabling relative objective testing by simultaneously 
using a configuration vehicle and a reference vehicle. The low signal-to-noise ratio of 
these tests and their low repeatability are shown in Paper F. Besides, in this paper, 
ANOVA allowed to identify robust OM, and required modifications to the standard 
objective manoeuvres. 

- Paper G presents a method to validate MBDS to gather SA in vehicle dynamics. Tra-
ditionally the validation of MBDS have been limited to only verify the models used in 
the simulator, or to verify driver behaviour against real-life driving or simply check-
ing if the vehicle was felt as realistic; but not if the SA given by the drivers in the 
MBDS would correspond to those given in the real vehicle. 

- Paper H presents a digital version (in a computer tablet) of the pen and paper SA 
questionnaire. The scientific contribution of this study is a comparison on the SA rat-
ings of the expert drivers when using the traditional and the new proposed method. A 
state of the art in this field of digital questionnaires was also performed, although it is 
not presented in this doctoral thesis. 
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7. Conclusions 
“If we knew what it was we were doing, it would 
not be called research, would it?”  

― Albert Einstein 
 
 
 

This doctoral thesis, as its title indicates, aims to develop methods for a more efficient (and 
effective) vehicle dynamics development, which simplified can be seen as moving from the 
top-left corner to the bottom-right corner in the figure above. This would mean a vehicle dy-
namic development process based on objective requirement and on model-based evaluations. 

To allow for correct objective requirements, this research has defined the range of preferred 
OM for a good steering feel. This has been achieved by identifying the OM-values that are 
associated to high SA ratings in the field. Objective requirements leads to a more efficient 
development, for example by enabling CAE optimisations. Right objective requirements 
leads to effective development, in this case a vehicle offering the desired driving experience. 

However, objective requirements are reliant on OM, which were not available for winter 
conditions, despite vehicle handling evaluation on icy roads being fundamental in the devel-
opment process. Consequently, an initiative is taken in this research to define and identify 
robust winter objective manoeuvres and OM. Main conclusions are that to allow for compa-
rable results, the test vehicle needs to be measured simultaneously with a reference vehicle 
and that not to saturate the vehicle response, the manoeuvres inputs needs to be adapted by 
lowering power of the inputs, that means not only lower input levels but also larger time con-
stants. 

On the other hand, it cannot be forgotten that the current development process is still strongly 
based on SA. Therefore, it is important to increase both its efficiency and its effectivity. For 
the former, this thesis has developed a tablet-based SA application, which mainly reduces 
transcription time, avoids forgotten ratings, increases rating resolution and opens a whole 
new range of possibilities to enhance SA. Moreover, this thesis has also analysed how MBDS 
can be used for vehicle dynamics SA, by further developing validation methods of MBDS for 
vehicle dynamics SA-ratings and by applying this method to the new MBDS at Volvo Car 
Group. Comparing SA in the MBDS versus SA in a real vehicle, the results indicated a good 
correlation for steering feel and a very high correlation for handling. Regarding effectivity, 
this thesis has examined drivers’ SA repeatability, the effect of drivers’ rating tendency on 
SA and on how normalization can be applied to mitigate this issue.  

Furthermore, the introduction of a first impression test demonstrates that a short predefined 
test can be used to reduce testing time, with almost the same results as that of the long stand-
ard subjective testing method. However, no clear improvement in drivers’ rating spread can 
be associated with driving predefined manoeuvres, in comparison to free driving. 
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Additionally, because numerical inputs are required for correlation methods, most of previous 
studies have focused only on the analysis of SA-ratings. However, the author considers that 
test drivers feel more confident with giving a subjective description of the tested vehicle than 
a numerical rating to it (probably, the former is also more robust than the latter). Therefore, in 
this thesis, some research has been dedicated to SA-interviews and to verbal analysis of their 
transcriptions. This analysis has been used to generate SA vehicle descriptions and to identify 
a word-cloud with the most important factors in vehicle steering and handling in passenger 
cars. The results did agree with those using SA autocorrelations. 

Finally, the main result of this thesis is a new method that is capable of predicting SA from 
combinations of OM by producing a self-organised map or classification of vehicles in two 
dimensions (2D), which can be visualised. This method groups together vehicles with nearby 
OM and one interesting result is that vehicles from the same manufacturer and/or from the 
same vehicle class appear together in the map. This objectively demonstrates that there is a 
brand and a vehicle class identity (at least for steering feel). Furthermore, this map allows to 
calculate the position of a new vehicle in the map and consequently, the neighbours of this 
new vehicle generates a prediction about which SA should be expected for the new vehicle. 
This prediction is complemented with the aforementioned SA word-cloud descriptions, offer-
ing a direct explanation about how the vehicles were subjectively perceived by the test driv-
ers. Consequently, although the map only presents objective information, the relationship of a 
vehicle with its neighbours implicitly carries subjective information: If you like the attributes 
of the neighbours of the new vehicle, you should probably like the new vehicle, or vice versa. 

Besides, the map can be combined with a surface regression of the SA associated to each 
vehicle. The strength of this combined method is that it makes it possible to understand in the 
2D map how the SA rating evolves. This is a great feature, especially if considering that 17 
OM (dimensions) were used as inputs to the method (27 OM before the multicollinearity re-
duction). Altogether, this method allows to: set right objective requirements, analyse their 
tolerances and to predict SA from OM (from objective requirements, CAE simulations or 
objective tests). 

Moreover, previous methods focused on simple single-input-single-output OM-SA correla-
tions that allowed visualising the OM-SA relation, but did not allow to consider the combina-
tion effect of different OM or on more complex models with multiple inputs that required 
large datasets and did not allow the visualisation of the OM-SA correlations, which made it 
difficult to understand the SA-ratings predictions or the effect of varying OM. The classifica-
tion map presented in this doctoral thesis joins the best of both methods: considering the 
combination effect of different OM and allowing one to visualise the evolution of the SA; 
moreover, this can be done with relatively small samples. 

In addition, previous methods were strictly based on the relation between OM-SA. Consider-
ing that SA surely change constantly, for example with time, these methods need to be con-
tinuously trained and are cursed to small datasets. Oppositely, the map here is solely based on 
OM, which should be time-independent; therefore, larger datasets can be built through time.  
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8. Recommendations for future work 
“He who knows all the answers has not been asked all the questions” 

– Confucius 
 
 
 

Despite all the efforts in the last half century of research in this field of knowledge, there is 
still a lot of work to be done and many questions to be asked to reach the final goal of being 
able to move vehicle development from physical testing to mainly CAE evaluations. 

Firstly, it should not be forgotten that initial efforts should also focus on improving SA meth-
ods and the quality of SA. This is an important short-term goal, as development is strongly 
based on SA. Consequently, to further improve the quality of SA, it is recommended to train, 
and calibrate, drivers to perform SA ratings. Here, both structured tests and digital aids could 
be introduce to reduce drivers’ rating spread and to increase SA repeatability. 

The SOM method enable an OM-based vehicle classification, together with the GRNN it al-
lows a SA prediction too. However, taste changes and vehicle dynamics improves with time. 
Therefore, the results listed in Table 7 need to be constantly updated, as well as the SA used 
with the GRNN in the SOM map. Consequently, a “maintenance” work is always required, as 
this is a market-study. Moreover, the SOM-GRNN method needs to be validated, further use 
in development will allow to identify weaknesses and potential improvements. 

Another consideration is the continuous increase in vehicle complexity and performance, 
with a constantly proliferation of electronics, controllers and actuators. This intensifies fur-
ther the issue of “best before” SA (or taste) exposed above. New vehicle dynamics active 
systems need to be included in these studies, for instance, the autonomous driving will proba-
bly impose a large change in SA perception, and in new SA key questions. Another example 
of the flexibility of these systems is to adapt the vehicle dynamics behaviour to the drivers’ 
characteristics in real time, which requires, e.g., matching preferred OM to the type of driver. 
Related to this is understanding the reason behind the preferred OM range. Understanding the 
human factors behind the preferred vehicle behaviour would allow a more effective vehicle 
dynamic development, and well-founded SA predictions. This knowledge would also be very 
useful for understanding the validity of MBDS, and to optimise motion queueing algorithms. 

Finally, there is still a lot of work to be done in the objectification of vehicle dynamics in 
winter conditions. The research in this doctoral thesis has identified a series of issues, such as 
low repeatability, low signal-to-noise ratio, low robustness of OM, that still need to be faced.  
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9. Summary of appended papers 
“All truths are easy to understand once they are discovered; the point is to discover them.” 

― Galileo Galilei 
 
 
 

This chapter presents a summary of the results of this research work, which are presented in 
the appended papers. The papers almost mirror the chronological order of the study and 
therefore the sequence of the results. Paper A is a state of the art in the field. Paper B is an in-
depth analysis of subjective assessments (SA). Paper C performs a study of objective metrics 
(OM) and investigates OM-SA correlations. Paper D goes further and uses machine learning 
to classify the vehicles in a map based on their OM, and to include a SA-rating prediction 
within the map. Paper E introduces a test procedure optimised for gathering OM and SA data 
in winter conditions. Paper F analyses this winter data and uses validated simulations to op-
timise the manoeuvres from Paper E. Paper G presents and implement a method to validate 
moving base driving simulators (MBDS) for vehicle dynamics SA. Finally, Paper H intro-
duces a tablet-based digital questionnaire to aim SA. 

 

9.1. Paper A 

This work goes through a state of the art in the field of correlations between OM and SA in 
vehicle dynamics. The methods used and the obtained results are evaluated. It identifies diffi-
culties that need to be considered in this type of research, that is, issues to be treated with 
special care: 

Expert drivers are desired for this type of research studies, however that implies that engag-
ing the required number of test drivers for a statistically correct study is unfeasible in prac-
tice. Nevertheless, even in the case of expert drivers with several years of experience, a poor 
degree of consistency could be expected between drivers’ ratings. Furthermore, it had been 
identified that the same driver might not always give the same numerical ratings when testing 
twice the same vehicle, but indications about the magnitude of this “error” were not available. 

Previous results indicated that care should be taken when selecting the SA questions and the 
rating scale. The former can be misunderstood by the drivers and the latter might have im-
portant implications for the results. Key parameters and/or most important questions had been 
investigated via word-pool methods. 
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The SA questions should be answered during driving or as soon as possible after the test 
drive. It would be important to consider and investigate the effects of letting the drivers to 
test freely, as in a normal testing day, or on the contrary the effects of forcing them to drive in 
a pre-defined way. 

Moreover, it has been recognised that these kinds of studies were basically based on numeri-
cal SA (as they can be fed into mathematical methods), however verbal SA do carry much 
more information, and should still be analysed.  

This study also highlights that a critical eye is needed when evaluating the SA results, be-
cause of different biased sources, for instance, brand identity and brand loyalty or differences 
in culture or regional taste.  

Regarding OM, it is shown that although there are objective testing standards, they are usual-
ly followed with modifications, and that the OM derived from them are not as standard as 
expected, a direct consequence is increased difficulties when comparing results from different 
research works. Additionally, OM should be run with the help of steering robots for improved 
repeatability. 

Regarding the analysis tools, it was clear that linear regression was the most used method, but 
that it had to be complemented with non-linear analysis, for example artificial neural net-
works, to be able to find preferred OM ranges.  

Other conclusions from this study is that research in the field is normally based on small and 
quite limited databases, thus a large database would be desired for future research. All the 
studies had been performed during “summer” test conditions, consequently, “winter” test 
conditions – very important in the final SA vehicle evaluation – still had to be investigated.  

Finally, the most normal manoeuvres, metrics and questions, for both objective and subjec-
tive testing, are listed ordered from most to least common. In addition, a list with previously 
identified driver preferred OM ranges is presented. The findings in this research were the 
base for the test design for the following experiments and papers. 

9.2. Paper B 

The results from Paper A clearly indicated that although the search for OM-SA correlations 
had already started, SA had not been studied in-depth and that several SA issues had been 
identified. Understanding properly SA was a step that needed to be done to improve their 
quality, a requirement to increase the probability of identifying correct OM-SA correlations. 

Studies of the rating distributions show clear effects of the rating scale. Depending on which 
rating scale is used, drivers’ responses have higher or lower resolution. Furthermore, drivers 
use a very limited range of the SAE rating scale when evaluating premium vehicles.  

Moreover, even when drivers might agree in their impression about the tested vehicles, their 
agreement might not be captured in their numerical SA. Studies on driver tendency clearly 
indicate that different drivers use the rating scale very differently. Some drivers might nor-
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mally tend to give higher – or lower – rating values, to use different ranges, i.e. width, of the 
rating scale and/or different rating resolutions, i.e. rating steps. Normalisation methods have 
been used to bring the use of the scale closer between drivers during post-processing.  

The introduction of a first impression test, before the typical extended test session, demon-
strates that a short predefined test can be used to reduce testing time, with almost the same 
results as that of the long standard subjective testing method. However, no clear improvement 
in drivers’ rating spread can be associated with driving predefined manoeuvres, in compari-
son to free driving.  

The use of a repeated vehicle configuration and of a blind test procedure, demonstrates that 
drivers do not always give the same numerical rating to the same vehicles, for this a numeri-
cal appraisal is presented. Some drivers did identify the vehicles as being the closest one, but 
some drivers did not.  

Analysis of verbal SA has been used to identify a word-cloud with the most important factors 
in vehicle steering and handling in passenger vehicles. The same method has been applied to 
generate a vehicle description. SA autocorrelation via linear regression has also been applied 
to analyse key SA questions, the result for this method did agree with the results in the verbal 
SA investigation. 

9.3. Paper C 

This paper continues with the previous work and analysis, in this case, with the multicolline-
arity of OM, to identify if there are OM within the group in Table 1 that are linearly correlat-
ed. In the cases where linear relations exist it means that maybe there is no need to measure 
all OM. In the same way, not all the OM would need to be specified by requirements.  

Furthermore, imposing requirements for all of them would over-constrain the system. A di-
rect consequence would be that if the requirements do not follow the identified relation, it 
would be impossible to fulfil all of them. In other words, it would not be possible to optimise 
for all the OM requirements without conflict.  

Another issue is that when analysing combinatory effects, e.g. multiple linear regression, in-
cluding inputs (OM) that are linearly related could produce unexpected results, since multiple 
solutions can be possible. Note that other kinds of suspension systems and/or over-actuation, 
e.g. rear steering, might however allow breaking these linear correlations and new combina-
tions could therefore be possible. 

On the other hand, this work focuses mainly on analysing OM-SA correlations via different 
methods and strategies. Different results when using the super-dataset (DS) and when using 
smaller databases: DS1, DS2, DS3 or datasets per vehicle class, demonstrate the negative 
effects of using small datasets.  

OM-SA linear regressions and artificial neural networks (ANN), for instance the multi-layer 
perceptron (MLP), correlations have been applied for the complete dataset (DS) and for all 
drivers. Very few results were obtained, which might be consequence of the non-agreement 
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in numerical SA of test drivers. The application of different normalisation techniques, to cope 
with this issue, did however not present any clear improvement. Using the mean and the 95% 
confidence interval area seems to be a valid method to identify drivers’ preferences and/or 
even to predict expected SA for a given OM. To increase the number of OM-SA correlations 
available, the study was extended to per-driver correlations, with an automatic selection pro-
cess. This procedure successfully complements the previous study. The summary of the re-
sults obtained by merging all the mentioned different methods is presented in Table 2 in the 
paper. 

Very low performing vehicles, i.e. those with error states, did receive very low SA for most 
of the SA questions, this suggests that very poor behaviour in one or few questions might 
sink ratings in other SA qualities, which do not need to be so poor. This effect is associated to 
that of basic needs in Kano’s model. 

DS3 includes a new set of questions of level 5. In these SA, expert drivers work as sensors 
and try to identify the magnitude of a given OM. The cross plots of these SA and OM make it 
possible to identify if drivers feel the changes in the OM, and if they can correctly identify 
them. In some cases, it also shows when there is saturation of a feeling, i.e. drivers stop iden-
tifying an increasing OM, or if there is a minimum feeling threshold, i.e. drivers stop recog-
nising that the OM is decreasing. Besides, drawing these cross plots driver per driver, and not 
for the whole group of drivers, makes it possible to study if there are a group of drivers who 
are more sensitive for identifying OM changes, i.e. if they are more sensitive than the rest. 
Furthermore, comparison between different kinds of OM, e.g. steering wheel feedback or 
vehicle body response, allow to identify if any driver is more propitious to properly recognise 
kinaesthetic than vestibular stimulus or vice versa.  

9.4. Paper D 

This paper completes the work started with the previous papers A, B and C, and applies the 
lessons learned in all of them.  

Paper A and C showed examples of OM-SA correlations that could be used to predict SA 
ratings. However, Paper A also showed that previous literature focused mostly on linear cor-
relations, and that the non-linear correlations, which used MLP, needed many training data; 
an exception was the general regression neural network (GRNN), which can be built with 
little data. In addition, paper B was limited to single-input-single-output (SISO) models, with 
a single SA being related to a single OM. These, methods had another issue, these correla-
tions can foresee a SA rating for a new vehicle, based on their OM; however, it is not possi-
ble to visualise and, therefore, to understand how this SA rating evolves. Moreover, Paper B 
had identified several issues regarding the robustness of the SA. 

Paper D solves all these limitations using another kind of ANN, the self-organising map 
(SOM). Firstly, this is an unsupervised learning ANN, which means that it does not use tar-
gets (SA) to be trained. In other words, it is solely based on OM. Therefore, it avoids the is-
sues related to SA and explained in Paper B. It also allows for larger databases, as OM can be 
accumulated over time (note that SA evolve with time, which means that usability of the data 
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might be restricted in time). Furthermore, SOM uses as input a subset of OM, thus consider-
ing combination effects. This subset is formed by linearly independent OM, as previously 
explained in Paper C. 

The SOM method produces a self-organised classification of the vehicles in a map in two 
dimensions (2D), which can be visualised. The first results from this classification, which 
groups together vehicles with nearby OM, is that vehicle from the same manufacturer and/or 
from the same vehicle class appear together in the map. This objectively demonstrates that 
there is a brand and a vehicle class identity (at least for the example of steering feel). Fur-
thermore, this map allows to calculate the position of a new vehicle in the map, using its OM. 
As it would be positioned together with vehicles with similar OM, the neighbours of this new 
vehicle already generate a prediction about which SA should be expected for the new vehicle. 
This prediction can be complemented with the SA word-cloud descriptions from Paper B, 
which offer a direct explanation about how the vehicles in the map were perceived by the test 
drivers. 

Until now, the method has been solely based on OM. However, SA ratings prediction might 
still be desired. This has been done by building a regression surfaced of the SA rating associ-
ated to each vehicle in the map. For this task, the GRNN method was selected as it works 
properly with small databases. The strength of this combined SOM+GRNN method is that it 
makes it possible to see in the 2D map (with known vehicles as reference landmarks) how the 
SA rating evolves. This is a great feature, especially if considering that 17 OM (dimensions) 
were used as inputs to the method (originally 27 OM before the multicollinearity reduction). 

Moreover, this visualisation has been used to perform sensitivity analyses. For example, the 
evolution of a vehicle from its requirements to the final products is presented in the paper. In 
addition, how a vehicle moves in the map when its OM requirements changes within toler-
ances is also presented in the paper. This allows an efficient and clear verification of the ve-
hicle requirements and their tolerances. This capacity was used to verify the range of pre-
ferred OM presented in Paper C. Based on the results small adjustments were also performed. 

9.5. Paper E 

This paper presents a test procedure that was developed to gather SA and OM during winter 
conditions (driving on ice). The main problematic in winter testing is that the conditions of 
the ice change constantly. Therefore, it is very difficult to gather good data, as the effect of 
the road conditions (a measurement error) is very high (low signal-to-noise ratio), making it 
difficult to distinguish how much of the change in the vehicle response is due to changes in 
the vehicle configuration and how much due to the changes of the road conditions. 

The proposed methodology tries to solve this issue with two main strategies: 

1. Gathering the data in as little as possible time (to reduce the changes in the ice). 
Moreover, SA and OM data of the same configuration vehicle are gathered almost 
simultaneously. 
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2. Gathering the OM (and the SA) data of the configuration vehicles simultaneously to 
the OM (and the SA) of an unchanged reference vehicle, which works as monitor of 
the changes of the ice conditions. 

This was achieved by firstly having four similar vehicles, two dedicated to SA and two to 
OM. Each of the latter were equipped with a steering robot and measurement equipment. This 
avoids the required time (and errors) of mounting and demounting the steering robots to 
change between objective and subjective testing. Consequently, these tests can be simultane-
ously performed. Secondly, in each of these two groups (the two vehicles for objective and 
the two vehicles for subjective testing), one vehicle is kept unchanged, whereas the second 
vehicle is used as configuration vehicle. Both vehicles are always tested simultaneously (in 
the case of SA back-to-back with the driver changing from one vehicle to the other without 
delay).  

The reference vehicle helps the test drivers to have a reference of how the ice has changed (as 
they keep with them a copy of its SA ratings), and it helps to objectively measure the changes 
in vehicle response caused by changes on ice. The configuration vehicle is the vehicle in 
which the components (e.g. antiroll bars) are modified. The modifications are similar in the 
subjective and in the objective configuration test vehicles. 

The selected objective manoeuvres were: constant radius circle, frequency response, throttle 
release and a modified sine with dwell (with the dwell in the first half of the sinus). These 
manoeuvres properly represent the steady-state response, the frequency response, and the 
transitory response to powertrain and steering inputs, thus allowing a good estimation of the 
vehicle dynamics. The manoeuvres were adapted to the low available friction. The SA ques-
tionnaire was also modified to suit winter testing. 

Although the main analysis of the gathered data is presented in Paper F, some preliminary 
results are presented here, particularly a SA study that shows that there exists a driver rating 
tendency, which is different between drivers and basically similar in winter as in summer 
conditions (see Paper B). 

The capacity of the methodology to gather data in a short period is demonstrated by the large 
number of tests performed in only two test days, with approximately 1000 objective tests and 
100 vehicles assessed subjectively. 

9.6. Paper F 

This paper is the continuation of Paper E and has as main goal to identify robust objective 
test manoeuvres and OM for winter conditions. 

Firstly, the signal-to-noise ratio of the measurements was analysed. The results objectively 
show that it is not possible in winter to distinguish if the changes in the response of the vehi-
cle are caused by the modifications in vehicle configuration or by the variations in the road 
conditions. Figure 3 in the paper shows similar changes in response for two extreme vehicle 
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configurations (removing antiroll bars) and for the unchanged reference vehicle measured 
through two days. 

To reduce the noise, a Kalman filter was tested. It was based on an optimally parametrised 
(against the real measurement data) bicycle model with magic formula and with brush tyre 
models, the latter being simpler and presenting better results. The Kalman filter worked 
properly but given its “cost”, it was difficult to motivate it against a simpler low pass filter, 
which also worked properly. 

Once the measurements were processed, the next step was to identify robust manoeuvres. 
Robust in this context means that the measurements would show differences between the 
configuration vehicles and similarities between the reference vehicle (while assuring vehicle 
stability). This manoeuvre optimisation was done based on simulations. To build proper 
models, the test vehicles were measured on a kinematics and compliance (K&C) rig. This 
data was complemented with electric power assisted steering (EPAS), dampers and tyres 
measurements (the latter performed on ice). This allowed to parametrise a model in VI-
CarRealTime, which showed a better performance than the simpler bicycle model named 
before (both models were compared against the real measurements). 

Once the model was validated, test design techniques was used to identify the parameters in 
each manoeuvre that had the largest effect on the vehicle response. This allowed to detect 
desired manoeuvres modifications, in order to improve the quality of the objective measure-
ments (these modifications are listed in Table 2 in the paper). It was also detected that open 
loop testing eliminated disturbances included by oscillations of the robot actuators (for both 
the steering and the throttle robot). 

Once the manoeuvres were established, robust OM in winter were searched. This was done 
by using analysis of variance (ANOVA). The criteria that was followed was simple: The ef-
fect of the vehicle modifications had to be statistically significant in the change of the OM. 
At the same time, the OM had to be robust against the changes in the ice conditions, that is, 
the effect of the changes in ice on the OM (using always the reference vehicle) had to be non-
statistically significant. Table 3 in the paper shows the results of this analysis, which recog-
nises very few standard OM as being robust for winter conditions. 

Finally, the vehicle models and the new proposed manoeuvres were validated with a second 
test campaign, where the different versions of the manoeuvres were tested back-to-back. For 
the example of the sine with dwell (SWD), the initial manoeuvre (from Paper E) presented 
better results than the modified SWD in the simulations and the standard SWD (scaled down 
for winter). 

9.7. Paper G 

This paper focuses in the validation of Volvo’s moving base driving simulator for subjective 
assessments of steering feel and handling. This is done by following a proposed methodology 
(depicted in Figure 2 in the paper) that has two main windows: firstly, the off-line validation 
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of the vehicle models to be used in the MBDS, and secondly, the validation of the SA ob-
tained in the MBDS against those obtained in real vehicle testing. 

The first step is to build vehicle models that accurately represents real vehicles. To achieve 
this, the same procedure than in Paper F is followed, the vehicles are measured in a K&C rig, 
and this data is completed with dampers, EPAS and tyres measurements. The tests performed 
in Paper F and G are the same, as the same vehicles were used for both projects; only the tyre 
measurements are different as this MBDS is done in summer conditions. 

Once the models in VI-CarRealTime are available, the same manoeuvres are performed in the 
physical vehicle, using steering robots, and in off-line simulations in VI-CarRealTime. These 
allows one to validate the models and to perform a fine tuning of the parameters in the model 
to better represent the empirical data. This is the first of the main windows named above. 

Finally, the vehicles are driven by the test drivers in both the MBDS (the models) and in real 
testing (physical vehicles). The procedure is controlled so that drivers are exposed to exactly 
the same test by measures such as: same weight and weight distribution in the model and in 
the real vehicle; test limited to three laps in the same test track (laser scanned for the MBDS), 
not allowing the drivers to drive the vehicle, for instance, from the workshop to the test track 
or back. The drivers were asked the same questions and the results from the real vehicles 
were compared to those from the MBDS. 

The results showed that at the moment of the tests (soon after Volvo obtained its MBDS), the 
development effort should focus more in the steering feel simulation than in the handling 
simulation. Because there were more potential for further developing the former than the lat-
ter, which presented a very high agreement against the physical testing. 

9.8. Paper H 

The research presented in this paper is a direct consequence of the results from papers A, B 
and E, where issues with SA had been identified. For instance, different driver rating tenden-
cies, driver missing to answer some questions or a transcription procedure prone to mistakes 
and taking long time. In this paper, a new tablet-based SA questionnaire is presented. 

This new software application includes features such as continuous rating scales (using a slid-
ing bar, to improve rating resolution and to give a direct visual feedback of the SA-ratings), 
indications of the desired direction of improvement, a superimposed explanation to the rating 
scale and a supervision mode to ensure that all the SA questions have been answered. 

The paper presents a test that was performed to objectively validate the new application and 
to ensure that it did not affect negatively the SA rating, with respect to the traditional pen and 
paper method. For this purpose, OM such as degree of completion, SA-rating resolution, er-
ror rate, transcription time, rating spread and rating tendency were used. All the OM show 
similar or better results for the tablet-based method than for the older paper method. Further-
more, the responses from an interview to the test drivers regarding the user experience also 
showed promising results. 
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Wanderer, your footsteps are 
the path, and nothing else; 
wanderer, there is no path, 

the path is made by walking. 
Walking makes the path, 

and on glancing back 
one sees the path 

that will never trod again. 
Wanderer, there is no path— 

Just waves in the sea. 
 

"Proverbios y cantares XXIX" Campos de Castilla (1912); 
Translation by Betty Jean Craige in Selected Poems of Antonio Machado 

(Louisiana State University Press, 1979) 
 

 

 

 

Caminante, son tus huellas 
el camino y nada más; 

Caminante, no hay camino, 
se hace camino al andar. 

Al andar se hace el camino, 
y al volver la vista atrás 
se ve la senda que nunca 
se ha de volver a pisar. 

Caminante no hay camino 
sino estelas en la mar. 

 
    Antonio Machado 

 

 


