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Abstract 

Within the scope of this thesis, two hybrid methods are developed and presented, which allow 

to exploit the potentials and to ensure the reliability of artificial intelligence for vehicle dynam-

ics state estimation and control systems. The two hybrid methods are applied for an implemen-

tation of a central predictive vehicle dynamics control system. The objectives are to increase 

the safety of vehicles and to improve the ride comfort. The implementation of vehicle dynamics 

control systems is a well-researched field, but still offers unused potential. To achieve the afore-

mentioned objectives, hybrid methods are utilized to exploit the great potential of artificial in-

telligence. 

The first hybrid method focuses on the task of state estimation. By default, physical models 

resulting from theoretical modeling are used for state estimation. Due to assumptions and sim-

plifications such models always feature a limited accuracy. In contrast, there are models result-

ing from experimental modeling. These also include models based on artificial intelligence. 

Such models are not based on explicit assumptions or simplifications, which generally yields a 

higher potential of accuracy. The increased accuracy, however, is accompanied by a loss of 

reliability and safety. The hybrid method of state estimation addresses and solves this issue. 

Within the thesis, artificial neural networks are combined with simple physical models and thus 

secured by them. The hybrid method determines a confidence level, which represents the con-

fidence in the artificial neural network. The combination is done by a Kalman filter, the confi-

dence level thereby affects the covariances of transition and measurement. Due to this novel 

method, the artificial neural network is only trusted stronger in well trained areas. If unknown 

input data are present, the reliable physical model is completely trusted. This ultimately results 

in an increase of estimation accuracy, while providing a reliable and valid state estimation 

throughout. In principle, the hybrid method thus provides the foundation for a legally approva-

ble implementation of artificial intelligence based models for state estimation in vehicles. 

The second hybrid method relates to the implementation of the control itself. With the objective 

of increasing vehicle safety and ride comfort, a central predictive approach for the control of 

the vehicle dynamics is pursued in order to exploit unused synergies within the vehicle. The 

class of model-based predictive control algorithms addresses the required aspects of a central 

predictive control system. In principle, this class of algorithms exhibits an excellent control 

performance, but it often results in a strongly increased computational effort. This is also con-

firmed in the context of the thesis. The increased effort arises from the use of non-linear models 

for the prediction as well as the subsequent optimization. Since the optimization within this 

vehicle dynamics control is performed numerically, a non-real-time capable system is present. 
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One possibility to address these issues is the limitation of iteration steps or the use of linear 

models, which however result in a reduction of the excellent control quality. The hybrid method 

for control is an option to drastically reduce the computational effort while preserving the con-

trol quality. The original non-linear model-based predictive control is reproduced by a neuro-

fuzzy system. Through the use of artificial intelligence, a fuzzy inference system becomes train-

able and can thus reproduce the desired behavior. After training, a pure fuzzy inference system 

remains, which is much easier to comprehend than, for example, an artificial neural network. 

By using this hybrid method, the computational effort of the central predictive vehicle dynamics 

control is drastically reduced. At the same time, the original control quality is preserved. Fur-

thermore, the fuzzy inference system is based on a direct and not iterative working principle. 

Thus, this hybrid method opens up the possibility to implement control systems which origi-

nally have a high computational effort, are non-real-time capable or feature both aspects. 

Whereas the hybrid methods are presented in this thesis for one application in vehicle dynamics 

control systems, they both offer the prerequisite for the use in various fields of application. 

 



 

 

Kurzfassung 

Im Rahmen dieser Arbeit werden zwei hybride Methoden entwickelt und vorgestellt, die es 

ermöglichen, für Zustandsschätzungen und Regelungssysteme in der Fahrdynamik die Potenti-

ale von künstlicher Intelligenz auszuschöpfen und die Zuverlässigkeit sicherzustellen. Die bei-

den hybriden Methoden werden dabei für die Entwicklung eines zentralen prädiktiven Fahrdy-

namikregelungssystems eingesetzt. Hierbei werden die Ziele verfolgt, Fahrzeuge immer siche-

rer zu machen und gleichzeitig den Fahrkomfort weiter zu erhöhen. Die Umsetzung von Fahr-

dynamikregelungssystemen stellt ein weit erforschtes Gebiet dar, bietet aber weiterhin noch 

ungenutztes Potential. Um die genannten Ziele zu erreichen, werden hybride Methoden einge-

setzt, die das große Potenzial der künstlichen Intelligenz nutzen. 

Die erste hybride Methode fokussiert dabei den Bereich der Zustandsschätzung. Standardmäßig 

werden für die Zustandsschätzung physikalische Modelle verwendet, welche aus einer theore-

tischen Modellbildung resultieren. Aufgrund von getroffenen Annahmen und Vereinfachungen 

besitzen solche Modelle auch nur eine begrenzte Genauigkeit. Dem gegenüber stehen Modelle 

resultierend aus experimenteller Modellbildung. Zu diesen Modellen zählen auch Modelle auf 

Basis von künstlicher Intelligenz. Dabei basieren solche Modelle nicht auf expliziten Annah-

men oder Vereinfachungen, was grundsätzlich in einem höheren Genauigkeitspotential resul-

tiert. Die erhöhte Genauigkeit geht jedoch mit einem Verlust an Zuverlässigkeit und Absicher-

barkeit einher. Die hybride Methode der Zustandsschätzung greift diese Problematik auf und 

löst sie. Innerhalb der Arbeit werden dabei künstliche neuronale Netze mit simplen physikali-

schen Modellen kombiniert und durch diese abgesichert. Die hybride Methode ermittelt dabei 

ein Vertrauensmaß, welches das Vertrauen in das künstliche neuronale Netz bestimmt. Die 

Kombination erfolgt durch einen Kalman Filter, das Vertrauensmaß beeinflusst dabei die Kova-

rianzen der Transition sowie der Messung. Durch diese neuartige Methode wird dem künstli-

chen neuronalen Netz nur in gut trainierten Bereichen starkes Vertrauen entgegengebracht. Lie-

gen unbekannte Eingangsdaten vor, so wird dem zuverlässigen physikalischen Modell vollstän-

dig vertraut. Daraus resultiert letztendlich eine Erhöhung der Schätzgenauigkeit, während zu-

gleich durchgängig eine zuverlässige und valide Zustandsschätzung vorliegt. Grundsätzlich bil-

det sie daher die Grundlage für eine gesetzlich abnahmefähige Umsetzung von auf künstlicher 

Intelligenz basierenden Modellen zur Zustandsschätzung in Fahrzeugen. 

Die zweite hybride Methode bezieht sich dabei auf die Umsetzung der Regelung selbst. Mit 

dem Ziel der Erhöhung von Fahrzeugsicherheit und Fahrkomfort, wird im Rahmen dieser Ar-

beit ein zentraler prädiktiver Ansatz zur Regelung der Fahrdynamik verfolgt. Dieser nutzt die 
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im Fahrzeug vorhandene Synergien aus. Die Klasse der modellbasierten prädiktiven Rege-

lungsalgorithmen adressiert dabei die Anforderungen eines zentralen prädiktiven Regelungs-

systems. Grundsätzlich weist diese Klasse von Algorithmen eine exzellente Regelgüte auf, sie 

resultiert oftmals aber auch in einem stark erhöhten Rechenaufwand. Dieses wird im Rahmen 

der Arbeit ebenfalls bestätigt. Durch die Verwendung von nichtlinearen Modellen zur Prädik-

tion sowie der anschließenden Optimierung liegt hier ein sehr großer Rechenaufwand vor. Da 

die Optimierung innerhalb dieser Fahrdynamikregelung numerisch erfolgt, liegt zudem ein 

nichtechtzeitfähiges System vor. Eine Möglichkeit diese Problematik zu adressieren ist die Li-

mitierung von Iterationen oder die Verwendung von linearen Modellen, was jedoch in einer 

Reduzierung der exzellenten Regelgüte resultieren würde. Die hybride Methode für die Rege-

lung stellt hierbei eine Option dar, den Rechenaufwand drastisch zu reduzieren und dabei trotz-

dem die Regelgüte beizubehalten. Die ursprüngliche nichtlineare modellbasierte prädiktive Re-

gelung wird dabei durch ein Neuro-Fuzzy System nachgebildet. Durch den Einsatz von künst-

licher Intelligenz, wird das Fuzzy Inferenz System trainierbar und kann somit das vorgegebene 

Verhalten nachbilden. Im Anschluss an das Training bleibt dabei jedoch ein reines Fuzzy Infe-

renz System bestehen, welches deutlich besser nachzuvollziehen ist als beispielsweise ein 

künstliches neuronales Netz. Durch den Einsatz dieser hybriden Methode wird der Rechenauf-

wand der zentralen prädiktiven Fahrdynamikregelung drastisch reduziert. Zugleich wird die 

ursprüngliche Regelgüte grundlegend beibehalten. Darüber hinaus basiert das Fuzzy Inferenz 

System auf einer direkten und nicht iterativen Arbeitsweise. Somit eröffnet diese hybride Me-

thode die Möglichkeit Regelungssysteme umzusetzen welche ursprünglich einen hohen Re-

chenaufwand besitzen, nicht echtzeitfähig sind oder beide Aspekte aufweisen. 

Während die beiden hybriden Methoden im Rahmen dieser Arbeit für eine Anwendung in der 

Fahrdynamikregelung vorgestellt werden, bieten beide Methoden die Voraussetzung für den 

Einsatz in verschiedensten Anwendungsgebieten. 
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1 Introduction  

This thesis is intended to be a fundamental contribution towards devel-

oping the vehicle of the future. The underlying motivation is to contrib-

ute to safer vehicles while additionally enhancing the ride comfort. In 

principle, this is achieved by making even greater use of additional in-

telligence in the vehicle. In the context of this thesis the potentials of 

artificial intelligence are exploited for this purpose. Furthermore, a 

novel methodology to ensure the reliability of models based on artificial 

intelligence is introduced. These aspects are presented and validated for 

the application case of vehicle dynamics control systems. 

1.1 Motivation and Context 

Motorized vehicles have accompanied humankind far more than a century now. Since then, it 

has ensured the individual mobility of people and, in addition to its use in local transportation 

systems, has also made it possible to cover long distances. 

Increasing the vehicle safety has always been one of the most important driving forces behind 

the continuous development of vehicles. This aspect is further reflected in the vision zero initi-

ative considering a future scenario in which individual mobility does not lead to any fatalities, 

serious injuries or even accidents in an ideal case, (Johansson, 2009). 

In order to achieve the objectives of this initiative it is indispensable to increase vehicle safety 

significantly. Various possibilities of intervention are available for this purpose, which already 

have been used in the past as well. These include legal regulations, passive safety systems and 

active safety systems. 

An increase in vehicle safety has so far been successfully achieved by legal regulations. Espe-

cially the introduction of speed limits, the regulation of alcohol limits for drivers and the intro-

duction of sanctions for seat belt violations have to be emphasized, (Mann et al., 2001, De Pauw 

et al., 2014). Alongside the legal regulations, the development and integration of passive safety 

systems has contributed to the increase in vehicle safety. This includes the introduction and 

improvement of structural deformation zones, the introduction of airbags and the utilization of 

seat belts, (Robertson, 1996, Griffin et al., 2018). 
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Whereas passive safety systems primarily minimize damage in accidents, active safety systems 

are used to increase vehicle safety by actively preventing accidents, (Jarašūniene and 

Jakubauskas, 2007). These active safety systems comprise vehicle dynamics control systems 

and advanced driver assistance systems. Whereas advanced driver assistance systems mainly 

assist in the driving task of guidance, vehicle dynamics control systems support the driving task 

of stabilization, (Eckstein and Zlocki, 2013). Especially the applications of vehicle dynamics 

control systems have contributed significantly to the reduction of accidents and thus to the en-

hancement of vehicle safety, (Schramm et al., 2020). The anti-lock braking system and the 

electronic stability control system are particularly noteworthy in this context. By using the elec-

tronic stability control system, the risk of accidents is reduced approximately between 30 % 

and 35 %, (Farmer, 2004, Rieger et al., 2005). 

The improvement of the ride comfort is a further key driving force within the vehicle develop-

ment. In this context, the chassis is essential for improving ride comfort. Whereas the design of 

a passive chassis during the development process totally defines the influence on the ride com-

fort, semi-active and active chassis elements offer the possibility to adapt the influence on the 

ride comfort during operation. The design of a passive chassis therefore always represents a 

compromise between ride comfort and performance, (Sharp and Crolla, 1987). In contrast, the 

use of semi-active and active chassis elements offers more flexibility. The systematic adjust-

ment of the semi-active and active chassis elements during operation is thereby also classified 

in the category of vehicle dynamics control systems. 

Vehicle dynamics control systems thus represent a possibility to influence and ultimately im-

prove two decisive characteristics of a vehicle, the safety and the ride comfort. Especially with 

regard to a visionary implementation in combination with highly respectively fully automated 

vehicles, the area of vehicle dynamics control possesses unexploited potential. With the devel-

opment towards highly respectively fully automated driving, drivers become passengers. This 

obviously alters the general perception of passengers and thus also the perception of comfort, 

(Elbanhawi et al., 2015). Moreover, the safety needs to be ensured in emergency evasive ma-

neuvers as well. 

The implementation of a central predictive vehicle dynamics control is addressing the unused 

potential and exploits it by synergy effects and a modified mode of operation. Instead of a 

purely reactive mode of operation, it acts with foresight. Consequently, both vehicle safety and 

ride comfort can be further improved. 

1.2 Problem Statement 

In order to contribute to even safer vehicles along with an enhanced ride comfort of vehicles in 

the future, the potentials of a central predictive vehicle dynamics control system are exploited 

within this thesis. To accomplish these objectives, artificial intelligence is utilized, providing 
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additional potential which can be used to surpass the emerging challenges. These challenges 

are composed mainly of the minimization of costs, the enhancement of accuracy, the assurance 

of reliability and the reduction of computational effort. 

In particular, the costs are largely determined by the effort to acquire the vehicle dynamic states. 

The knowledge must be available to realize a central predictive vehicle dynamics control at full 

potential. This indispensable knowledge can be provided by additional sensors, which directly 

measure the corresponding vehicle dynamics states. However, additional sensors result in in-

creased costs, which should be avoided if possible. An already common practice is the use of 

state estimators, which are able to estimate the relevant states on the basis of already installed 

sensors. This reduces additional costs. Moreover, also states which are very difficult to measure 

can be estimated.  

In principle, state estimators resulting from theoretical modeling are used. However these are 

based on simplification and assumptions due to the kind of modeling. Thus the state estimation 

loses accuracy. The enhancement of accuracy concerning the state estimation is thus a second 

challenge. In order to overcome this challenge, state estimators based on artificial intelligence 

are used within this thesis. Based on training data, these methods represent the corresponding 

transfer behavior. Since no explicit modeling based on physical laws is applied, also no con-

scious simplifications are implemented. Thus these estimators exhibit great potential with re-

spect to the accuracy of the state estimation. 

The increased estimation accuracy is however expensively acquired on the basis of decreasing 

reliability. In particular in combination with a control system the state estimations must be re-

liable and valid. To ensure the reliability equals a further challenge. A not reliable respectively 

an invalid state estimation violates directly one objective of this thesis, which is formulated by 

the increase of vehicle safety. Therefore, a novel method is developed and validated, which 

allows a reliable and valid state estimation based on artificial intelligence. Obviously, it must 

also be possible to secure this hybrid method of state estimation for particular extreme condi-

tions such as sensor malfunctions or signal failures. 

A last challenge which has to be overcome for the implementation of the central predictive 

vehicle dynamics control is the reduction of the computational effort. By default, model-based 

predictive control approaches are used for predictive control systems. Within this type of con-

trol, mathematical models of the system to be controlled are used to predict its behavior. This 

prediction is then optimized and adapted in a coherent step with respect to the desired behavior. 

An increasing model complexity in the form of non-linearities leads to the consequence that the 

optimization problem is solved numerically. This step, however, involves an increased compu-

tational effort. Furthermore, the iterative solution of the optimization problem results without 

additional restrictions in a non-real-time capable system. With regard to the implementation in 

vehicles, this problem will also be solved by using artificial intelligence.  
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In conclusion, the objective is the implementation of a central predictive control system with 

respect to the vehicle dynamics. On the one hand, this control system is based on a hybrid 

method of state estimation. This method must fulfill the following criteria: 

 Enhancement of estimation accuracy, 

 Assurance of estimation reliability. 

On the other hand, the control system is based on a hybrid method with respect to a central 

predictive vehicle dynamics control. For this purpose the following criteria have to be fulfilled: 

 Reduction of computational effort, 

 Preservation of control quality. 

The corresponding criteria are evaluated in contrast to conventional methods excluding the use 

of artificial intelligence and relying purely on the evaluation of physical principles. 

1.3 Outline 

This thesis is divided into seven Chapters. The outline of the thesis is illustrated in Figure 1.1. 

The first Chapter represents the introduction to the thesis, which in addition to the fundamental 

motivation focuses primarily on the research issue to be discussed. For this purpose, the classi-

fication in the scientific context is presented. Afterwards the problem statement of the thesis is 

formulated. Furthermore, an overview of the structure of the thesis is given. 

The second Chapter presents the current state of the art concerning the research objectives. At 

first, the general principles of vehicle dynamics are introduced. Subsequently, well established 

and more recent approaches in estimating and controlling the vehicle dynamics are discussed. 

Moreover, the present research gaps are identified, which are addressed and overcome within 

this thesis. 

Within the third Chapter the development framework used in this thesis is introduced. For this 

purpose the software tools utilized in the simulation environment are presented. Furthermore, 

the targets of the vehicle dynamics control and the associated state estimation are defined. The 

equipment of the vehicle in terms of sensors and actuators is elaborated. Moreover, the driving 

scenarios used to create the database for the implementation of the data-driven models are in-

troduced. 

In the fourth Chapter, the hybrid method of state estimation is presented and developed. Both 

the physical models and the models based on artificial intelligence in the form of artificial neu-

ral networks are developed. Afterwards the novel hybrid method of combining the different 

types of models is presented and evaluated in a first open-loop validation. 
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In the fifth Chapter the focus is on the central predictive control of the vehicle dynamics. For 

this purpose, both a non-linear model-based predictive control and a control based on a neuro-

fuzzy system are derived. These elaborated control systems are likewise evaluated in a first 

brief open-loop validation. 

The sixth Chapter presents the closed-loop validations of the developed hybrid methods of state 

estimation and vehicle dynamics control. Especially the mutual influence in a closed-loop mode 

of operation is considered. 

The thesis is closed in the seventh Chapter by a conclusion. For this purpose, it is summarized 

first. Subsequently, the scientific contributions of the thesis are pointed out. The achieved re-

sults are then critically reviewed within a discussion part. Finally an outlook on further research 

activities is provided. 
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2 Fundamentals and State of the Art 

In this Chapter the theoretical foundation of the thesis is presented. First 

of all, the general definitions concerning vehicles and vehicle dynamics 

are introduced. Subsequently, the focus is on the state of the art and the 

fundamentals regarding state estimation in the field of vehicle dynamics. 

The main distinction is made by the type of modeling. Finally, the do-

main of vehicle dynamics control is reviewed. In addition to general 

control concepts, the fundamentals as well as the state of the art of two 

specific types of control algorithms are outlined. 

2.1 Vehicle Dynamics  

The motion of a vehicle in the presence of internal and external forces as well as torques is 

defined as vehicle dynamics, (Schramm et al., 2018). The vehicle can be divided into three 

assemblies: 

 Drivetrain, 

 Tires and wheel suspensions, 

 Vehicle body. 

The tires are used for the targeted transfer of the forces induced by the drivetrain towards the 

road. The wheel suspensions are used to adjust the wheel position in order to ensure an optimal 

transmission behavior. Consequently, the wheel suspensions have an immense impact on the 

movement of the vehicle body and thus on the safety and ride comfort.  

The movement of the vehicle can be subdivided into longitudinal dynamics, lateral dynamics 

and vertical dynamics in normal driving operation. The closer the vehicle approaches the vehi-

cle dynamics limits, the greater is the coupling between the individual vehicle dynamics do-

mains. The position of the vehicle in space and thus also its movement is described by the body-

fixed coordinate system 𝐶V = {𝑂V; 𝑥V, 𝑦V, 𝑧V}  in relation to the inertial coordinate system 

𝐶I =  {𝑂I;  𝑥I, 𝑦I, 𝑧I}, (Schramm et al., 2020). The relation is illustrated in Figure 2.1. 
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The origin of the body fixed coordinate system 𝑂V is located at the center of gravity of the 

vehicle body, (ISO, 2011b). It is constructed in such a way that the 𝑥V-axis points to the front 

in the longitudinal direction of the vehicle, the 𝑦V-axis to the left in the lateral direction and the 

𝑧V-axis upwards in the vertical direction. 

In order to describe the spatial position and orientation of the vehicle in more detail, first the 

degrees of freedom of the vehicle body are introduced. The vehicle body is considered as a rigid 

body. The spatial position and orientation of the vehicle body can therefore be unambiguously 

described using its six degrees of freedom. The degrees of freedom can be divided into transla-

tional and rotational degrees of freedom, (ISO, 2011b). The translational degrees of freedom 

are defined by 

 the longitudinal movement along the 𝑥V-axis denoted as jerk, 

 the lateral movement along the 𝑦V-axis denoted as push and 

 the vertical movement along the 𝑧V-axis denoted as heave. 

The rotational degrees of freedom are specified by  

 the rotation around the 𝑥V-axis with the angle 𝜑 denoted as roll, 

 the rotation around the 𝑦V-axis with the angle 𝜃 denoted as pitch and 

 the rotation around the 𝑧V-axis with the angle 𝜓 denoted as yaw. 

Figure 2.2 provides an overview of the translational and rotational degrees of freedom of the 

vehicle body. By using these degrees of freedom the spatial position and the orientation of the 

vehicle can be described unambiguously. 

Figure 2.1 Coordinate Systems 
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The spatial position of the vehicle can be described by the position vector 

𝒓V =  ( 𝑥V
I 𝑦V

I 𝑧V
I ) in coordinates of the inertial coordinate system 𝐶I. The position vec-

tor 𝒓V points from the origin of the inertial coordinate system 𝑂I to the origin of the body-fixed 

coordinate system 𝑂V and thus to the center of gravity of the vehicle body as shown in Figure 

2.1, (Heißing and Ersoy, 2011, Schramm et al., 2018). 

The orientation of the vehicle in relation to the inertial coordinate system can be described for 

example by the CARDAN angles, (Schramm et al., 2020). Using three defined rotations, the 

orientation of the vehicle can be derived from the inertial orientation determined by 𝐶I: 

1. Rotation of the inertial coordinate system 𝐶I around its 𝑧I-axis with the yaw angle 𝜓 

resulting in a coordinate system 𝐶H1. 

2. Rotation of the coordinate system 𝐶H1 around its 𝑦H1-axis with the pitch angle 𝜃 result-

ing in a coordinate system 𝐶H2. 

3. Rotation of the coordinate system 𝐶H2 around its 𝑥H2-axis with the roll angle 𝜑 result-

ing in the vehicle body-fixed coordinate system 𝐶V. 

2.2 Vehicle Dynamics State Estimation 

The following Section deals in detail with the estimation of vehicle dynamic states. For this 

purpose the fundamentals of established methods within the state estimation are introduced. 

Furthermore, the state of the art of these methods for the application within vehicle dynamics 

is presented. 

In general a state estimation is required, whenever states are not measureable directly or the 

measurement itself is complex and thus expensive, (Sieberg et al., 2019a). 

Center of 
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Figure 2.2 Degrees of Freedom  
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Two general approaches can be distinguished in the derivation of state estimators. The approach 

of theoretical modeling is based on explicit model knowledge. In contrast to this, the approach 

of experimental modeling operates without explicit model knowledge and only reproduces 

available information regarding the transfer behavior, (Schramm et al., 2018). 

Theoretical modeling usually results in so-called white-box models. These models are based 

for example on physical laws and therefore result in completely comprehensible models. In 

contrast there are black-box models, which are not completely comprehensible, (Sjöberg et al., 

1995). Black-box models usually result from experimental modeling, since only an input-output 

relationship is represented by mathematical relationships, without using explicit model 

knowledge inside. In order to combine the advantages of the respective modeling approaches 

and thus use synergies between them, hybrid methods of state estimation exist in addition, 

(Sieberg et al., 2019a, Sieberg et al., 2021a). 

In the following, approaches of state estimation based on theoretical modeling are presented. 

Afterwards an introduction to approaches based on experimental modeling is given. Hybrid 

methods are then introduced which combine models resulting from both modeling approaches. 

Finally, the research gap addressed within this thesis with respect to state estimation is high-

lighted. 

2.2.1 Theoretical Modeling Approaches 

The theoretical modeling depends on explicit model knowledge to be able to reproduce a de-

sired behavior. In the present case of the estimation of vehicle dynamic states, this explicit 

model knowledge results from physical laws, (Isermann and Münchhof, 2011). Therefore, 

white-box models arise, whose comprehensibility and traceability is completely ensured, 

(Sjöberg et al., 1995). 

In principle, different methods of state estimation can be distinguished as a result of theoretical 

modeling. These are composed of the method of observers, the method of Kalman filters and 

the method of particle filters. By these methods internal states can be determined by establishing 

a mathematical model of the system. The fundamental idea of these methods is based on the 

principle that internal states of a system can be determined on the basis of known input and 

output quantities. First a brief overview of the method of observers is given, followed by a more 

detailed focus on the method of Kalman filters. The method for particle filters is not presented 

in detail due to the increased computational effort to be expected for this method, (György et 

al., 2014). 

Observer 

The method of observers is suitable to estimate the states of a deterministic system, 

(Luenberger, 1971). The states of such a system can be reconstructed entirely if the system is 
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completely observable. A complete observability of a system is given, whenever the initial state 

can be determined from the sequences of the input variables and the output variables over a 

finite interval, (Kalman, 1959b). In order to determine the observability of a system established 

methods are available, (Kalman, 1959a, Gilbert, 1963, Kalman, 1963). 

For state estimation within linear systems the method of the Luenberger observer is well estab-

lished, (Luenberger, 1964). Using an adequate proportional feedback of the deviation between 

the measured and estimated output variables, the deviation between the actual and the estimated 

states approaches asymptotically zero, (Luenberger, 1971). For the application to non-linear 

systems the Luenberger observer is not particularly appropriate, thus additional modifications 

are necessary. The extension of the feedback of a Luenberger observer by an integral path re-

sults in a proportional-integral observer, which is able to reconstruct the states of a dynamic 

system with non-linearities, (Söffker et al., 1995). A further possibility of implementing ob-

servers is the class of sliding-mode observers, whereby the state estimation results in output 

variables, which become identical to the measured output variables within a finite time. An 

overview regarding sliding-mode observers is given in  (Spurgeon, 2008). An overview of ad-

ditional possibilities to observe the states of non-linear systems is presented in (Misawa and 

Hedrick, 1989). 

Kalman Filter 

A further possibility of state estimation based on theoretical modeling is represented by the 

Kalman filter, which will be discussed in detail in the following. For this purpose the funda-

mental principles as well as the state of the art in the field of vehicle dynamics state estimation 

are presented. 

Fundamentals 

The method of the Kalman filter applies to the state estimation of stochastic systems. In the 

following the functionality of the Kalman filter is presented for a discrete linear stochastic sys-

tem, according to (Kalman, 1960). The system is defined by the discrete state space represen-

tation 

𝒙(𝑘 + 1) = 𝑨𝒙(𝑘) + 𝑩𝒖(𝑘) + 𝒘(𝑘 + 1), (2.1) 

𝒚(𝑘) = 𝑯𝒙(𝑘) + 𝒗(𝑘). (2.2) 

Here 𝒙 represents the state vector, 𝒖 the input vector and 𝒚 the output vector, which contains 

the measurements. Furthermore 𝑨 is the transition matrix, 𝑩 is the input matrix and 𝑯 is the 

output matrix, relating the states 𝒙 with the measured quantities 𝒚. 𝑘 represents the current time 

step. The vectors 𝒘 and 𝒗 represent the process noise respectively the measurement noise. 

Both, the process noise 𝒘 and the measurement noise 𝒗, are assumed to be white noise.  
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Furthermore, they are independent of each other and exhibit a normal probability distribution, 

(Welch and Bishop, 1995): 

𝑝(𝒘)~𝒩(𝟎,𝑸), (2.3) 

𝑝(𝒗)~𝒩(𝟎,𝑹). (2.4) 

𝑸 represents the covariance of the process noise and 𝑹 the covariance of the measurement 

noise. Fundamentally, the Kalman filter establishes a recursive solution regarding the state es-

timation, which is based on two parts, the time update and the measurement update.  

Within the time update the system behavior is predicted 

�̂�−(𝑘 + 1) = 𝑨�̂�(𝑘) + 𝑩𝒖(𝑘), (2.5) 

𝑷−(𝑘 + 1) = 𝑨𝑷(𝑘)𝑨T +𝑸(𝑘). (2.6) 

This results in an a priori state 𝒙−(𝑘 + 1) and an associated a priori covariance 𝑷−(𝑘 + 1) 

which characterizes the error of the a priori state estimation 𝒆−(𝑘 + 1): 

𝒆−(𝑘 + 1) = 𝒙(𝑘 + 1) − �̂�−(𝑘 + 1). (2.7) 

In the step of the measurement update the estimated a priori state �̂�−(𝑘)  is corrected to an 

improved a posteriori state 𝒙(𝑘) by using the measured quantities 𝒚(𝑘). For this purpose, first 

a Kalman gain 𝑲(𝑘) is determined, which minimizes the a posteriori covariance 𝑷(𝑘), (Brown 

and Hwang, 1997): 

𝑲(𝑘) = 𝑷−(𝑘)𝑯T(𝑯𝑷−(𝑘)𝑯T + 𝑹(𝑘))
−1

. (2.8) 

This covariance 𝑷(𝑘) characterizes the error of the a posteriori state estimation 𝒆(𝑘) 

𝒆(𝑘) = 𝒙(𝑘) − �̂�(𝑘). (2.9) 

Based on the Kalman gain 𝑲(𝑘) the a posteriori state �̂�(𝑘) is calculated, using the a priori es-

timations �̂�−(𝑘) and the measured quantities 𝒚(𝑘) 

�̂�(𝑘) = �̂�−(𝑘) + 𝑲(𝑘)(𝒚(𝑘) − 𝑯�̂�−(𝑘)). (2.10) 

In the final step of the measurement update the a posteriori covariance 𝑷(𝑘) is determined with 

𝑷(𝑘) = (𝑰 − 𝑲(𝑘)𝑯)𝑷−(𝑘). (2.11) 

The Kalman filter is thus based on a predictor-corrector algorithm. Figure 2.3 illustrates this 

mode of operation of the Kalman filter for a linear system. 

The described implementation of the Kalman filter is suitable for linear systems. For the con-

sideration of non-linear systems an extended Kalman filter can be applied. With the extended 

Kalman filter the non-linear system equations are linearized around the respective working 

point, (Jazwinski, 1970, Sorenson, 1985). The linearization follows the principle of the Taylor 
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series with the order one, (Welch and Bishop, 1995). The further procedure for the extended 

Kalman filter is similar to the Kalman filter. The predictor-corrector scheme is retained. 

A further possibility to consider non-linearities within the state estimation is represented by the 

unscented Kalman filter, (Julier and Uhlmann, 1997). Instead of a linearization, the non-linear-

ities are considered by an unscented transformation. In comparison to linearization, the un-

scented transformation is a direct and explicit method to transfer the information regarding 

mean and covariances, (Julier and Uhlmann, 2004). This enables an accurate estimation also 

for high order non-linearities, where the extended Kalman filter results in greater inaccuracies 

due to linearization errors, (Wan and Merwe, 2000). In principle, the unscented Kalman filter 

is likewise based on the predictor-corrector scheme of the Kalman filter.  

State of the Art 

In the following a review on the state of the art of state estimation in the field of vehicle dy-

namics using Kalman filters is given. 

In (Chen et al., 2010), Kalman filters are used to estimate the roll angle and roll rate for a 

subsequent control. The impact of the underlying physical models on the estimation accuracy 

is investigated. A model with one degree of freedom is compared to a model with three degrees 

of freedom. The estimation of the roll angle only based on the lateral acceleration yields better 

results. 

(Nam et al., 2013) use a Kalman filter to determine the roll angle of an electric vehicle with in-

wheel motors. By integrating a pseudo-measurement quantity, the lateral vehicle velocity, the 

Figure 2.3 Structure of the Kalman Filter for Linear Systems 

𝒙−(𝑘 + 1) = 𝑨𝒙(𝑘) + 𝑩𝒖(𝑘) 
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Kalman filter achieves a sufficient estimation accuracy. The validation is done experimentally 

by test drives. 

In (Guzman et al., 2018b), Kalman filters are used to estimate the roll angle of a vehicle using 

low-cost sensor equipment. Both a Kalman filter and an unscented Kalman filter are applied. 

The unscented Kalman filter provides more accurate results than the Kalman filter. In contrast, 

the Kalman filter exhibits a lower computational effort. 

Based on a magnetometer and non-holonomic constraints, (Won et al., 2015) estimate not only 

the roll angle but also the pitch angle using an extended Kalman Filter. The estimated states are 

used to improve the inertial navigation performance. The validation is performed experimen-

tally. 

In (Ahmed and Tahir, 2017), a Kalman filter is expanded by a second measurement update and 

thus a second correction step. This allows the estimation of roll and pitch angles with high 

accuracy based on low-cost sensors. The proposed structure of the Kalman filter is validated by 

both simulations and experiments.  

An adaptive unscented Kalman filter is presented in (Wang et al., 2017) to estimate the roll and 

pitch rate. The covariances of transition and measurement noise are dependent on the road con-

ditions. Eight classes of road conditions are considered. By adapting the respective road condi-

tion class, the adaptive unscented Kalman filter achieves a higher estimation quality in the sim-

ulation than an unscented Kalman filter without any adaption.  

In (Chen and Hsieh, 2008), the side-slip angle is estimated by using an extended Kalman filter. 

The extended Kalman filter is based on a kinematic model and noisy measurements of longitu-

dinal acceleration, lateral acceleration and yaw rate. Within simulations, the quality of the esti-

mation increases in comparison to a linear observer and to a pure use of the kinematic model. 

The validation is done at high and at low road friction conditions.  

An unscented Kalman filter is used in (Doumiati et al., 2009b) to estimate the side-slip angle 

besides the lateral tire forces. In addition to a model for the description of the vehicle dynamics, 

a tire model is integrated. Thereby, the presented unscented Kalman filter achieves a high ac-

curacy in experimental test drives.  

(Gadola et al., 2014) use an extended Kalman filter to estimate the side-slip angle based on the 

input variables of the longitudinal velocity, the steering angle, the lateral acceleration and the 

yaw rate. Both within simulations and based on noisy measurements occurring in experimental 

test drives an estimation with adequate accuracy is achieved. 

In (Doumiati et al., 2009a), an extended Kalman filter and an unscented Kalman filter for side-

slip angle estimation are validated and benchmarked. Especially in regions of high order non-

linearities the unscented Kalman filter is superior to the extended Kalman filter. 
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Similar results are presented by (Antonov et al., 2011) for vehicle dynamics state estimation. 

Again, a comparison between an extended Kalman filter and an unscented Kalman filter is 

conducted. In this case the unscented Kalman filter outperforms the extended Kalman filter, 

especially at larger sampling times. This is caused by the linearization error within the extended 

Kalman filter.  

Comparable results are presented in (Wielitzka et al., 2014) for the estimation of the lateral 

dynamics. 

2.2.2 Experimental Modeling Approaches 

Experimental modeling, in contrast to theoretical modeling, is not based on explicit model 

knowledge in the form of physical laws. Rather, a desired transfer behavior is mapped on the 

basis of a defined, in most cases mathematically formulated, model structure. With existing 

data in relation to input and output quantities, the parameters of the model are adjusted so that 

the transfer behavior is reproduced, (Schramm et al., 2018). 

A possible application of experimental modeling is the domain of machine learning. Machine 

learning represents a subsection of artificial intelligence, (Goodfellow et al., 2016). Within ma-

chine learning methods, mathematical models are created that can map and predict system be-

havior based on training data, (Mitchell, 1999). 

In the field of machine learning there are numerous different approaches. These include support 

vector machines, probabilistic models such as Bayesian networks as well as decision trees and 

artificial neural networks, (Cortes and Vapnik, 1995, Jensen and Nielsen, 2007, Rokach and 

Maimon, 2008, Schmidhuber, 2015). 

Regarding vehicle dynamics state estimation artificial neural networks are focused. These rep-

resent a proven method in this context, (Guo et al., 2018). In the following, the fundamentals 

of artificial neural networks are presented. Subsequently, an overview of the state of the art in 

vehicle dynamics state estimation by artificial neural networks is outlined. 

Fundamentals 

The concept of artificial neural networks is based on the model of the human brain, which is 

fundamentally based on interconnected neurons, (McCulloch and Pitts, 1943). A simple artifi-

cial neuron consists of input connections, which mimic the dendrites, a cell core and an output 

connection, similar to an axon. The input variables 𝒛 are weighted and then accumulated in the 

cell core. This is realized by the weightings 𝒘z. 

𝒛 = (𝑧1, … , 𝑧𝑛, 𝑧b)
𝑻 (2.12) 

𝒘z = (𝑤1, … , 𝑤𝑛, 𝑤b)
T (2.13) 



16 2 Fundamentals and State of the Art 

 

A special element within the input variables is the bias 𝑧b, which corresponds to a constant 

value and thus represents a possibility to interact independently of the further input variables. 

The resulting weighted sum is then evaluated according to the biological model using a thresh-

old value. In the artificial neuron, this is achieved by an activation function 𝑓a , (Patterson, 

1998). The schematic structure of a simple artificial neuron is shown in Figure 2.4. 

The output quantity 𝑦 of the simple artificial neuron represents the weighted sum of the input 

quantities evaluated by the activation function 𝑓a 

𝑦 = 𝑓a (𝑤b𝑧b +∑𝑤𝑛

𝑛

𝑖=1

𝑧𝑛) . (2.14) 

The activation function can be implemented by linear or non-linear functions, whereby non-

linear activation functions are required for the representation of non-linear processes. By de-

fault, these are usually differentiable and increasing monotonously, (Patterson, 1998). Activa-

tion functions used for regression problems are an identity function 𝑓i, a logistic function 𝑓log 

respectively an activation function 𝑓tanh based on a hyperbolic tangent: 

𝑓i(𝑢n) = 𝑢n, (2.15) 

𝑓log(𝑢𝑛) =
1

1 + 𝑒−𝑢𝑛
, (2.16) 

𝑓tanh(𝑢𝑛) =
𝑒𝑢𝑛 − 𝑒−𝑢𝑛

𝑒𝑢𝑛 + 𝑒−𝑢𝑛
. (2.17) 

In this context 𝑢n represents the result of the weighted sum of the input variables 𝒛. 

Within artificial neural networks, neurons are arranged in layers. In the majority of cases an 

artificial neural network consists of an input layer, an output layer and at least one layer in 

Figure 2.4 Structure of a Simple Neuron 
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between. The number of these so-called hidden layers is not limited. Whereas the number of 

neurons in the input respectively output layer corresponds to the number of input respectively 

output quantities, the number of neurons within the hidden layers is freely selectable. 

In principle, artificial neural networks can be distinguished by their topology. If a data flow 

within the layers of an artificial neural network only proceeds in the direction of the output 

variables, this artificial neural network is denoted as a feedforward artificial neural network. In 

this case, neurons of one layer are only connected to neurons of the following layer, (Bishop, 

2006). If there is an interconnection between neurons within one layer or to neurons from pre-

vious layers, the artificial neural network is referred to as a recurrent artificial neural network, 

(Rumelhart et al., 1986). Recurrent artificial neural networks are able to map sequential rela-

tionships in the data due to this coupling. Thus, an output quantity can be determined from a 

temporal sequence, as it occurs for example in the estimation of states within vehicle dynamics. 

In order to reproduce long-term dependencies, the long short-term memory architecture devel-

oped by (Hochreiter and Schmidhuber, 1997) is particularly suitable, which is classified into 

the topology of recurrent artificial neural networks. Following the extension of (Gers et al., 

2000), a long short-term memory cell can be characterized by three gates. Due to this structure, 

the long short-term memory cell is able to store, add and forget information. The schematic 

structure of a long short-term memory cell is shown in Figure 2.5. 

Both a short-term state 𝒉(𝑘 − 1) and a long-term state 𝒄(𝑘 − 1) are introduced, which are used 

in addition to the further input quantities 𝒛(𝑘) to predict the output 𝒚(𝑘). 

   

Figure 2.5 Structure of a Long Short-Term Memory Cell 

Forget Gate 

𝒄(𝑘 − 1) 
𝒚(𝑘) Output Gate 

𝒉(𝑘 − 1) 𝒉(𝑘) 

𝑓log 

𝒄(𝑘) 

Input Gate 

𝑓log 

𝑓tanh 

𝑓tanh 
× 

× 

× 

+ 

𝑓log 

𝒛(𝑘) 

𝒇(𝑘) 𝒊(𝑘) 𝒈(𝑘) 

𝒐(𝑘) 



18 2 Fundamentals and State of the Art 

 

A forget gate is used to determine which parts of the long-term state 𝒄(𝑘 − 1) are forgotten or 

retained. For this purpose the short-term states 𝒉(𝑘 − 1) as well as the input variables 𝒛(𝑘) are 

fed into a fully connected layer with a logistic activation function 𝑓log. 

Thereafter, the long-term state 𝒄(𝑘 − 1) is processed with the resulting intermediate state 𝒇(𝑘) 

via the Hadamard product to perform the forgetting operation.  

𝒇(𝑘) = 𝑓log(𝑾zf
T 𝒛(𝑘) +𝑾hf

T 𝒉(𝑘 − 1) + 𝒃f ) (2.18) 

𝑾hf and 𝑾zf represent the weighting factor matrices of the fully connected layer for the short-

term state 𝒉(𝑘 − 1) respectively the input variable 𝒛(𝑘) within the forget gate. Additionally, 

𝒃f denotes the bias of the fully connected layer. 

Within the input gate it is determined, which parts of the short-term state 𝒉(𝑘 − 1) and the 

input variable 𝒛(𝑘) are incorporated into the long term state 𝒄(𝑘). 

𝒊(𝑘) = 𝑓log(𝑾zi
T 𝒛(𝑘) +𝑾hi

T 𝒉(𝑘 − 1) + 𝒃i ) (2.19) 

𝒈(𝒌) = 𝑓tanh(𝑾zg
T 𝒛(𝒌) +𝑾hg

T 𝒉(𝒌 − 𝟏) + 𝒃g ) (2.20) 

To determine the long terms state 𝒄(𝑘) both a fully connected layer with logistic activation 

function 𝑓log and one based on the hyperbolic tangent 𝑓tanh are processed. The resulting inter-

mediate states 𝒊(𝑘) and 𝒈(𝑘) are likewise processed by the Hadamard product, which is illus-

trated by ∘. 𝑾hi, 𝑾zi, 𝑾hg and 𝑾zg accordingly represent the weighting matrices. Respec-

tively 𝒃i and 𝒃g  denote the bias within the input gate. 

The long-term state 𝒄(𝑘) is calculated using the forget and the input gate 

𝒄(𝑘) = 𝒇(𝑘) ∘ 𝒄(𝑘 − 1) + 𝒊(𝑘) ∘ 𝒈(𝑘). (2.21) 

In a final step, the output gate determines which part of the long-term state 𝒄(𝑘) is transferred 

to the short-term state 𝒉(𝑘). For this purpose, the short-term state 𝒉(𝑘 − 1) as well as the input 

quantity 𝒛(𝑘) are processed by a fully connected layer with logistic activation function 𝑓log: 

𝒐(𝑘) = 𝑓log(𝑾zo
T 𝒛(𝑘) +𝑾ho

T 𝒉(𝑘 − 1) + 𝒃o ). (2.22) 

𝑾ho ,𝑾zo and 𝒃o represent the weighting matrices respectively the bias within the output gate. 

The resulting intermediate state 𝒐(𝑘) is likewise incorporated via the Hadamard product to-

gether with the long-term state 𝒄(𝑘) processed by a hyperbolic tangent 𝑓tanh to obtain the short-

term state 𝒉(𝑘) 

𝒉(𝑘) = 𝒚(𝑘) = 𝒐(𝑘) ∘ 𝑓tanh(𝒄(𝑘)). (2.23) 

The short term state 𝒉(𝑘) is identical to the output 𝒚(𝑘) of the long short-term memory cell. 
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In addition to the network topology, artificial neural networks can also be distinguished with 

respect to their learning strategy. There are basically three different learning strategies.  

In supervised learning both input and output data are available for the training. The weights of 

the artificial neural network are adapted and optimized in such a way that the output variables 

are determined in the best possible way based on the present input variables. The objective of 

the supervised learning is to enable the artificial neural network to determine correct output 

data for unknown input data after the training. 

In unsupervised learning only input data are available for the training of the artificial neural 

network. The main objective of unsupervised learning is to cluster the input data of the artificial 

neural network. 

The third strategy of learning is represented by reinforcement learning. Depending on the ac-

tions of the artificial neural network and the resulting reaction of the environment, the actions 

are evaluated and rewarded or penalized. The objective of reinforcement learning is to maxim-

ize the rewards, which is equivalent to achieving a desired behavior. (Goodfellow et al., 2016) 

During the training phase, the weights of the artificial neural network are adjusted. A common 

algorithm for adjusting the weights is the gradient descent method. In this method, the weights 

are adapted via the gradient of the loss function 𝐸(𝒘z) 

𝒘z(𝑘 + 1) = 𝒘z(𝑘) − 𝛼L∇𝐸(𝒘z(𝑘)). (2.24) 

Thus, the loss function 𝐸(𝒘z) is minimized by adjusting the weights 𝒘z in the direction of its 

negative gradient. 𝛼L determines the step size within the gradient descent procedure and is de-

noted as learning rate. Common loss functions are the mean squared error and the mean absolute 

error, (Bishop, 2006).  

In order to adapt the weights for multilayer artificial neural networks and thus make them train-

able, the principle of error propagation is applied together with the gradient descent method. 

Using the chain rule, the error is traced back to the hidden layers, which in turn allows to adjust 

the weights within these layers according to the gradient descent method, (Hecht, 1989). 

To adjust and thus train recurrent neural networks, error backpropagation through time is ap-

plied. The recurrent artificial neural network is unfolded along the time axis and the principle 

of backpropagation is applied to this structure, (Werbos, 1990). The adjustment of the weights 

is done by the gradient method, (Goodfellow et al., 2016). 

In case an artificial neural network is not able to achieve the desired quality of representation 

for the training data, it is referred to as underfitted. One possibility to counteract underfitting is 

to increase the capacity of the artificial neural network, which characterizes the number of lay-

ers and neurons. The capacity of an artificial neural network increases with the number of layers 

and the number of neurons within the layers, (Goodfellow et al., 2016). In general, the capacity 
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of a neural network should be chosen as small as possible with respect to the problem to be 

solved in order to obviate an overfitting.  

Besides the underfitting the threat of overfitting arises. Overfitting implies the excessive adap-

tation of an artificial neural network to its training data while losing the ability to generalize on 

data not included in the training. To prevent overfitting, regularizations are integrated during 

the training. A regularization can be implemented via a penalty term into the gradient descent 

method as well as via a dropout, (Krogh and Hertz, 1991). Dropout involves the random deac-

tivation of a defined number of neurons within an iteration of the training, (Srivastava et al., 

2014). 

Due to their structure artificial neural networks in general result in black-box models whose 

inner comprehensibility cannot be completely achieved, (Sjöberg et al., 1995).  

State of the Art 

In the following an overview of the state of the art in vehicle dynamics state estimation by 

artificial neural networks is outlined analogously to Section 2.2.1. 

In (Sanchez et al., 2004), a recurrent artificial neural network is implemented for the state esti-

mation. Besides the roll angle, the lateral acceleration and the tire normal forces are also taken 

into account as the estimation targets. In this case the artificial neural network corresponds to a 

recurrent higher-order artificial neural network. The recurrent artificial neural network is used 

as an input into a roll control to reduce the rollover risk. The implementation and validation of 

the state estimation is done by simulations. 

(Guzman et al., 2018a) use a simple feedforward artificial neural network with one hidden layer 

to estimate the roll angle. The estimation is based on low cost sensor equipment. The validation 

is done experimentally by test drives. The artificial neural network is able to meet the real time 

conditions defined in the article, however, it generates a partially noisy estimation of the roll 

angle. 

In (Blume et al., 2019), a recurrent artificial neural network is used to estimate the roll angle. 

This artificial neural network is based on a long short-term memory architecture. The roll angle 

estimation based on the artificial neural network is further integrated into a roll control system. 

By embedding the recurrent artificial neural network the control performance is improved com-

pared to the use of a physical state estimator within the control loop. 

(Gonzalez et al., 2020) use an artificial neural network to simultaneously determine the roll 

angle and the side-slip angle. The feedforward artificial neural network possesses five fully 

connected hidden layers containing 450 neurons in total. The training of the artificial neural 

network is purely based on simulated data. In contrast, the validation is based on both simulated 

as well as experimental data obtained during test drives. The quality of the state estimation for 

the simulation data is considerably superior to that of the experimental data. 
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In (Sasaki and Nishimaki, 2000), a fully connected feedforward artificial neural network with 

one hidden layer is used to estimate the side-slip angle. The artificial neural network is both 

trained and validated with experimental data. The estimation of the side-slip angle is done with 

the input quantities of the lateral acceleration and the yaw rate. The artificial neural network 

generates reasonable estimations only up to a velocity of 50 km/h. In this case the small amount 

of training data is one limiting factor.  

(Melzi and Sabbioni, 2011) present an artificial neural network for estimating the side-slip an-

gle, which is adapted by a feedback of the estimated state leading to a recurrent artificial neural 

network. The recurrent artificial neural network is trained with simulation data and validated 

with experimental data. During the validation larger deviations occur.  

In (Wei et al., 2016), a generalized regression artificial neural network is used to estimate the 

side-slip angle. The artificial neural network is trained and validated by two different simulated 

driving maneuvers. The lateral acceleration and the yaw rate constitute the input quantities. 

(Chindamo et al., 2018) use a fully connected feedforward artificial neural network to estimate 

the side-slip angle. Here, both training and validation are based on simulation data. The artificial 

neural network features one hidden layer with ten neurons. The input variables for the state 

estimation are the longitudinal and the lateral acceleration as well as the yaw rate, the steering 

angle and the velocity.  

In (Sieberg et al., 2021b), a recurrent artificial neural network is used to estimate the side-slip 

angle. The implementation is done with respect to an application with a vehicle dynamics con-

trol system. The input variables of the artificial neural network are composed of the manipulated 

variables of the control system as well as the steering angle, the velocity and the yaw rate. 

Training and validation are based on simulation data. 

2.2.3 Hybrid Modeling Approaches 

In the following, hybrid modeling approaches regarding vehicle dynamics state estimation are 

introduced. For this purpose, the fundamentals of hybrid modeling approaches are presented 

briefly. Subsequently, the state of the art concerning vehicle dynamics state estimation is out-

lined. 

Fundamentals 

Hybrid modeling approaches are defined within this thesis as a combination of models resulting 

from theoretical modeling and models resulting from experimental modeling. Within the state 

estimation of vehicle dynamics, in general one common structure of the hybrid approach is 

always present. Within this structure, two models by different modeling approaches are com-

bined in such a way that a pseudo quantity is defined by a first model. This pseudo quantity is 

then made available to the second model. The pseudo quantity can correspond to the quantity 
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to be estimated, as well as to other auxiliary variables such as the time derivative of the quantity 

to be estimated. 

State of the Art 

In the following, an overview of the state of the art in hybrid estimation approaches is given. 

In (Vargas-Melendez et al., 2016), the roll angle is estimated by a hybrid method. First a pseudo 

roll angle is determined by a fully connected feedforward artificial neural network. The input 

data into the artificial neural network consist of the longitudinal and lateral acceleration as well 

as the roll and yaw rate. The artificial neural network is based on one hidden layer with 15 

neurons. The pseudo roll angle determined by the artificial neural network is then transferred 

to a Kalman filter as an input quantity. The Kalman filter is based on a linear physical descrip-

tion of the roll dynamics. The validation of the hybrid method is performed both by simulation 

and experimentally. By using the Kalman filter, the noise in the pseudo roll angle resulting by 

the artificial neural network is reduced. Furthermore, using an artificial neural network in com-

bination with the Kalman filter shows a considerable improvement in the estimation quality in 

contrast to the use of a pseudo roll angle based on the suspension deflection as an input quantity 

into the Kalman filter.  

(Boada et al., 2018) implement a comparable structure for estimating the roll angle. First an 

estimation of a pseudo roll angle by an artificial neural network is performed. This artificial 

neural network is a fully connected feedforward artificial neural network with one hidden layer 

and 15 neurons after (Vargas-Melendez et al., 2016). The resulting pseudo roll angle is used as 

input into an H∞ observer. The further input variable into the H∞ observer is the roll rate 

measured by an inertial measurement unit. The H∞ observer is based on a linear physical roll 

model with uncertainties. The validation is done experimentally. The hybrid structure reduces 

the noise in the pseudo roll angle estimated by the artificial neural network. Compared to the 

pure consideration of the roll rate as an input quantity into the H∞ observer the quality of the 

estimation is increased.  

In (Sieberg et al., 2019a), the roll angle is also estimated, though the procedure is slightly dif-

ferent from (Vargas-Melendez et al., 2016, Boada et al., 2018). In principle an artificial neural 

network is used again to determine a pseudo roll angle. The artificial neural network is based 

on gated recurrent units arranged in one hidden layer, which yields a recurrent artificial neural 

network. The temporal lookback equals three time steps. The input variables into the recurrent 

artificial neural network are the lateral acceleration, the longitudinal velocity and the yaw rate. 

Subsequently, the pseudo roll angle is considered as an input variable into an unscented Kalman 

filter in addition to a lateral acceleration term. A non-linear physical roll model is stored within 

the unscented Kalman filter. The special characteristic of this hybrid method is the combination 

of the two models within the unscented Kalman filter. Depending on the lateral acceleration 

present, either the recurrent artificial neural network or the physical model is trusted more 
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within the merge. This is realized by manipulating the covariances of the unscented Kalman 

filter. The result is an improvement in the estimation quality compared to the pure consideration 

of the artificial neural network respectively the physical model. The validation is based on sim-

ulation data. 

In (Boada et al., 2016), an adaptive neuro-fuzzy inference system is used instead of an artificial 

neural network to determine a pseudo side-slip angle. The procedure is analogous to (Vargas-

Melendez et al., 2016, Boada et al., 2018). This adaptive neuro-fuzzy inference system is based 

on the representation of a fuzzy inference system as an artificial neural network to make it 

trainable. Fundamentals concerning adaptive neuro-fuzzy inference systems and fuzzy infer-

ence systems in general are presented in Section 2.3.2. The pseudo side-slip angle is further 

processed by an unscented Kalman filter to reduce the noise and to minimize the variance of 

the estimation. The validation is done purely by simulation data.  

In (Novi et al., 2018), the side-slip angle is estimated based on an inertial measurement unit by 

an artificial neural network in combination with an unscented Kalman filter using the same 

structure as (Vargas-Melendez et al., 2016). The artificial neural network determines a pseudo 

side-slip angle which serves as input variable into the unscented Kalman filter. The training of 

the artificial neural network is done by simulation data. Within the unscented Kalman filter a 

kinematic model with uncertainties is used. The validation is done on simulated and experi-

mental data. 

(Gräber et al., 2019) pursue the objective of the side-slip angle estimation. At first the estimation 

of an auxiliary quantity is done by a physical model, the single-track model. The auxiliary 

quantity represents the time derivative of the side-slip angle. It is then made available to a re-

current artificial neural network in order to estimate the side-slip angle. The artificial neural 

network consists of a feedforward layer followed by a layer based on gated recurrent units. The 

validation is performed experimentally for different road properties. The integration of the 

physical knowledge in terms of the time derivative of the side-slip angle improves the estima-

tion quality for dry, wet and snowy surfaces, in contrast to the pure use of a recurrent artificial 

neural network. 

2.2.4 Research Gap 

The publications listed can be summarized in terms of their motivation to increase the quality 

of the estimation by a hybrid methodology. This objective is achieved by combining models 

resulting from theoretical modeling and models based on experimental modeling. The use of 

models based on experimental modeling, however, results in black-box models that are difficult 

to validate and to be safeguarded, which also affects the presented hybrid methods. Whenever 

the data-driven models of experimental modeling result in incorrect or failed estimations, these 

also apply to the hybrid methods. Regarding the applicability within a vehicle dynamics control 
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system, an incorrect estimation would have fatal consequences. Therefore, the need of safe-

guarding data-driven state estimators arises.  

To intercept such cases and to pursue the objective of improving the estimation quality as well, 

a novel hybrid method of state estimation is introduced in this thesis. Within this hybrid method 

of state estimation a model based on artificial intelligence is merged and safeguarded by a reli-

able physical model. The task of safeguarding is realized by the determination of a confidence 

level. This confidence level represents the confidence in the black-box model based on artificial 

intelligence. The merge of both model types is conducted based on the confidence level. Next 

to a partly confidence, thus also a pure confidence either in the artificial intelligence based 

model or in the reliable physical model are possible. By this working principle the hybrid 

method establishes a safe and reliable foundation for the application and the associated exploi-

tation of the potential of data-driven state estimators in a closed-loop system incorporating ve-

hicle dynamics control. 

2.3 Vehicle Dynamics Control 

The control of vehicle dynamics is an important aspect to increase the safety of a vehicle and 

the ride comfort. In the following, fundamental control concepts with respect to the overall 

vehicle dynamics are presented. Subsequently, the focus is on selected control implementations. 

At first, an insight into model-based predictive control algorithms is given. Especially with 

regard to highly respectively fully automated driving, a predictive control becomes necessary 

in order to act in a predictive manner instead of merely reacting. One objective pursued is to 

further increase the comfort for the passengers. In addition the method of fuzzy control is in-

troduced, which is based on the theory of fuzziness and attempts to reproduce human actions. 

The Section concludes with an outline of the research gap which is addressed by this thesis 

concerning the vehicle dynamics control. 

2.3.1 Control Concepts 

Control concepts in the context of vehicle dynamics control represent architectures in which 

different types of control systems are implemented within the same vehicle. The concepts dis-

tinguish with respect to the degree of the interconnection regarding the individual control sys-

tems.  

A self-sufficient control concept is present whenever there are no connections between various 

control systems within one vehicle. In this context, each control system runs independently, 

(Heißing and Ersoy, 2011). The advantage of the self-sufficient control concept is the possibil-

ity of an individual and independent design of each control system. Due to the absence of in-

terconnections between the individual control systems, however, negative mutual influences 
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can arise. In order to avoid this, the adaptation in the vehicle requires a high effort. Moreover, 

the potentials of synergies resulting from different control systems cannot be exploited.  

A first level of interconnectivity within the control systems is described by a peaceful coexist-

ence concept. The interconnection is realized in terms of sensor data and states of vehicle dy-

namics. Within the manipulated variables there is no interconnection. This architecture ensures 

that the individual control systems do not have any mutual impacts, (Heißing and Ersoy, 2011). 

A further advantage is the partial independence in the design of the control systems, which is 

analogous to the self-sufficient concept, (Fan et al., 2008). Disadvantages of the concept of 

peaceful coexistence are the remaining adaptation effort and the absence of the opportunity to 

exploit synergies. 

In case the interconnection is expanded into the range of the manipulated variables, a peaceful 

coexistence transforms into a cooperative coexistence. Not only sensor data respectively system 

states are shared, but the individual control systems can support each other in addition and thus 

pursue common objectives. Negative mutual influences can be avoided and even synergies can 

be exploited to a certain extent. Since in the case of cooperative coexistence, the control systems 

remain separated from each other, an adaptation effort still persists, (Heißing and Ersoy, 2011). 

A central control approach represents the highest level of interconnection, (Fan et al., 2008). 

Within this architecture, one integrated control system is designed and installed to achieve the 

defined objectives of vehicle dynamics control. Since one control system handles all manipu-

lated variables, no negative mutual effects are present and existing synergies can be completely 

exploited, (Chen et al., 2016). The central control system can also minimize the adaptation 

effort within the vehicle. A disadvantage is the increased effort required in the central design 

of the integrated control system. 

Table 2.1 summarizes the control concepts and provides an overview of the individual ad-

vantages and disadvantages. 

Table 2.1 Control Concepts – Overview 

Control Concept Advantages Disadvantages 

Central Control 

Minimized Adaptation Effort 

Avoidance of Negative Mutual Interactions 

Exploitation of Synergies 

Complex Control Design 

Cooperative Coexistence 
Avoidance of Negative Mutual Interactions 

Restricted Exploitation of Synergies 

Adaptation Effort 

Agreements in Control Design 

Peaceful Coexistence 
Avoidance of Negative Mutual Interactions 

Partial Independence in Control Designs 

Adaptation Effort 

No Exploitation of Synergies 

Self-Sufficient Control Independence in Control Designs 

Increased Adaptation Effort 

Negative Mutual Interactions 

No Exploitation of Synergies 
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2.3.2 Control Approaches 

In the following, the two approaches to control a system relevant in this thesis are considered 

in detail. First, model-based predictive control systems are introduced. Afterwards the focus is 

on fuzzy control systems.  

Model-Based Predictive Control 

Within a model-based predictive control, a mathematical model of the system is used to predict 

the system behavior in order to adapt it optimally to a desired behavior over a future time hori-

zon. First, the fundamentals of model-based predictive control are introduced. Subsequently, 

the current state of the art concerning this control technique in the field of vehicle dynamics 

control is presented. 

Fundamentals 

In general, the category of model-based predictive control is based on mathematical models 

that are used to predict the future behavior of the system to be controlled. The working principle 

of a model-based predictive control can be basically divided into the steps of prediction and 

optimization, (Rossiter, 2004). 

Within the prediction, a mathematical model of the system to be controlled is used to predict 

the future behavior as a function of the manipulated variables, (Camacho and Bordons, 1998). 

The most recently manipulated variables, states and measured variables can be used for initial-

ization of the prediction. The time period for which the system behavior is predicted is defined 

by the prediction horizon. 

Additionally, a control horizon can be introduced. This horizon describes the time period for 

which the manipulated variables will be adjusted. After the control horizon the manipulated 

variables are kept constant for the further prediction. The control horizon is thus smaller or 

equal to the prediction horizon. The application of a smaller control horizon can be used to 

reduce the calculation effort. The mathematical model which is used to describe the system 

behavior can be linear or non-linear, (Grüne and Pannek, 2017). 

In the second step of the model-based predictive control the predicted system behavior is 

adapted and optimized under consideration of a quality criterion. In many applications, this 

quality criterion includes besides the control deviations also expressions related to the manipu-

lated variables. By this inclusion, the utilization of the manipulated variables can be adapted to 

a desired behavior. The cost function, which is minimized in this step, includes the predicted 

behavior of the variables over the entire prediction horizon. These predicted variables are 

aligned with reference variables, which represent the desired behavior. The reference variables 

are likewise provided as trajectories over the prediction horizon. The cost function can thus be 
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used to minimize both the control deviations and the utilization of manipulated variables over 

the prediction horizon. 

An important aspect that can be considered in the model-based predictive control is the limita-

tion especially of the manipulated variables but also of further variables of the system model, 

(Camacho and Bordons, 1998). Thus, exemplary physical limits of actuators can already be 

embedded in the control system and the optimization can be performed according to these re-

quirements. The result of the optimization is an optimal course of the manipulated variables for 

the predicted time period. Depending on the definition of the cost function, the consideration 

of constraints and the properties of the mathematical model for the prediction, the optimization 

is performed analytically or numerically as an iterative optimization, (Rossiter, 2004). 

The basic principle of the model-based predictive control is illustrated in Figure 2.6. 

In general, a principle of the receding horizon is applied for the model-based predictive control 

comprising prediction and optimization. Only the values for the next time step of the optimal 

manipulated variable trajectories are passed on to the system to be controlled. Subsequently, 

the process consisting of prediction and optimization is performed again. Thus, also non-mod-

eled disturbances can be considered optimally, (Michalska and Mayne, 1993). 

State of the art 

In the following, the state of the art in the field of vehicle dynamics control with respect to 

model-based predictive control algorithms is presented. 

(Beal and Gerdes, 2010) compare two model-based predictive controllers for the control of the 

roll behavior. The two control algorithms differ with respect to their manipulated variables. On 

Figure 2.6 Model-Based Predictive Control – Working Principle 
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the one hand, the steering angles at the front and rear axle form the manipulated variables. On 

the other hand, the drive torque at the rear axle serves as a manipulated variable in addition to 

the steering angle at the front axis. Both algorithms are based on linear models and also incor-

porate restrictions for manipulated variables and states. The implementation is done by simula-

tions. Due to the linear models, the optimization in the model-based predictive controllers is 

conducted with a particular speed according to a predefined real time. Basically, the model-

based predictive control based on the steering angles features a better performance. 

In (Sieberg et al., 2018), a non-linear model-based predictive control is compared against a 

linear model-based predictive control. The control objective equals an active roll stabilization. 

The implementation and validation of the control algorithms is done by simulation. The non-

linear model-based predictive control uses a non-linear roll model as a basis for control and 

incorporates a total counter roll torque as well as a total damping factor as manipulated varia-

bles. The linear model-based predictive control contains a linear roll model with the manipu-

lated variable of the total counter roll torque. The dampers are adjusted via a skyhook control, 

according to (Liu et al., 2005). The solution of the optimization problem is done iteratively with 

the non-linear model-based predictive control and analytically with the linear model-based pre-

dictive control. This results in a lower computational effort for the linear model-based predic-

tive control. At the same time, the non-linear model-based predictive control achieves a signif-

icantly improved control quality.  

(Sieberg et al., 2019b) present a central vehicle dynamics control based on a non-linear model 

based predictive control algorithm. The integrated control pursues the objectives of an active 

roll stabilization and a pitch reduction. Within the cost function, the control quality as well as 

the manipulated variables are considered to take into account the energy demand of the actua-

tors within the optimization. The manipulated variables consist of a total counter roll torque 

and individual damping factors at the wheel suspensions. During the optimization, restrictions 

of the manipulated variables are additionally considered. The non-linear model-based predic-

tive control achieves excellent control quality within the simulation, however, it also results in 

an increased computational effort. 

(Mehra et al., 1997) use a model-based predictive control to increase the ride comfort. The 

objective is to reduce vertical motions of the vehicle body. For this purpose, a linear model is 

stored in the model-based predictive control, which uses the forces of active suspensions as 

manipulated variables. Restrictions in compression and rebound travel are considered within 

the control. The validation is done by simulation. By using the model-based predictive control, 

the ride comfort is significantly improved compared to a vehicle equipped with passive suspen-

sions. 

In (Canale et al., 2006), semi-active suspensions are controlled by means of a model-based 

predictive control. The damping forces serve as manipulated variables. These are restricted 

within the optimization so that the actuator limits are preserved. A linear model is used within 
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the model-based predictive control. The implementation and validation is also carried out in 

simulations. The model-based predictive control is compared against a skyhook and a clipped 

control strategy, (Hrovat, 1997, Giua et al., 1999). The validation of the controllers is conducted 

in relation to different road excitations. In all cases the model-based predictive control provides 

the best control quality in terms of sprung mass accelerations. 

In (Canale et al., 2011) a non-linear model-based predictive control is used for the yaw control. 

Thereby, the yaw behavior can be influenced by a steer-by-wire system at the front axle. The 

non-linear model specifically maps the transition behavior in relation to the yaw behavior. It 

has been parametrized with measurement data. In the simulative validation this non-linear 

model-based predictive control is compared with a model-based predictive control based on a 

non-linear physical model and an internal model control. Hereby, better closed-loop robustness 

is achieved using the parametrized non-linear model.  

(Beal and Gerdes, 2013) use a model-based predictive control to stabilize the vehicle at the 

limits of vehicle dynamics. A linear single-track model in combination with a linearized tire 

model is used within the controller. The manipulated variable is incorporated by a steer-by-wire 

system at the front axle. Within the model-based predictive control, the yaw rate and the side-

slip angle are restricted in such a way that the vehicle is stabilized within the limits of the vehicle 

dynamics. The validation is done experimentally with a test vehicle. Due to the chosen linear 

model structure the model-based predictive control can be applied inside the test vehicle.  

In (Choi and Choi, 2014) a model-based predictive control is used for a direct yaw control. A 

linear single-track model combined with a linearized tire model is used within the control. The 

manipulated variable is represented by a total counter yaw torque. The optimization problem is 

solved analytically. The counter yaw torque is further converted by braking individual wheels. 

The implementation and the validation are done with simulation data. Roads with high friction 

coefficients as well as roads with low friction coefficients are investigated. By taking the tire 

characteristics into account, the quality of the control increases compared to a model-based 

predictive control with an exclusive consideration of a linear single-track model.  

Fuzzy-Control 

In the following, the subject of fuzzy control is introduced. At first, the fundamentals of fuzzy 

control are presented. This is followed by an overview of the state of the art of fuzzy control in 

the field of vehicle dynamics. 

Fundamentals 

Fuzzy control is based on fuzzy logic. The fuzzy logic is an extension of the classical set theory, 

(Klir and Yuan, 1994). Whereas in the classical set theory a variable 𝑥 belongs to a set or is 

excluded from it, in fuzzy logic the possibility of a partial membership to a set is present. The 

implementation of this fuzziness is done by membership functions 𝜇(𝑥), which describe the 
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membership of a variable 𝑥 to a fuzzy set 𝜇. A degree of membership of 𝜇(𝑥) = 1 corresponds 

to the complete membership of the variable 𝑥 and a degree of membership of 𝜇(𝑥) = 0 implies 

that the variable 𝑥 is not included in the set. Thus the boundary cases correspond to the classical 

set theory. In fuzzy logic a partial membership of the variable 𝑥 is feasible. A higher value 

corresponds to a greater degree of membership, (Zadeh, 1988). 

Based on the fuzzy logic, fuzzy inference systems can be defined, which allow to determine 

relations between single fuzzy sets. These fuzzy inference systems are thereby suitable for the 

application within control systems, (Sugeno, 1985). A fuzzy inference system can be divided 

into three sections. Within the so-called fuzzification, crisp input signals are fuzzificated. Com-

mon types of membership functions include a triangular function, a trapezium function, a gen-

eralized bell function and a Gaussian function, (Jantzen, 2007). Inside the inference, the fuzz-

ificated input variables are subsequently evaluated based on a rule base, which incorporates “if-

then” rules. The inference can be divided into the segments of premise and consequence. Within 

the premise the “if” parts of the rules are evaluated. The consequence comprises the evaluation 

of the “then” parts of the rules. Fuzzy operations are used for the processing within the infer-

ence. This includes the union as well as the intersection. The union is typically performed by 

the maximum function or the algebraic sum. For the intersection the minimum function or the 

algebraic product are used analogously, (Jang and Sun, 1996). The result of the rule base eval-

uation needs to be transformed back into a crisp output variable, which can be denoted as de-

fuzzification, (Passino and Yurkovich, 1997). The two most common types of fuzzy controllers 

are presented subsequently. 

In the fuzzy control according to (Mamdani and Assilian, 1975), fuzzy sets are used within the 

consequence likewise to the use in the premise. Within the premise first the firing strengths of 

all rules are determined using an intersection fuzzy operation, which correspond to the degrees 

of fulfillment of the rules. The determination of the intersection considering the firing strengths 

as well as the fuzzy sets of the consequence and the following union of the results yield a fuzzy 

output variable. In order to obtain a crisp output value, a defuzzification needs to be performed 

afterwards. Common defuzzification methods are based on the center of gravity method, the 

center of area method and on maxima methods, (Leekwijck and Kerre, 1999). Due to this rep-

resentation this type of fuzzy control is easily comprehensible. However, the necessary defuzz-

ification also increases the computational effort, (Jang and Sun, 1996). 

The fuzzy control according to (Takagi and Sugeno, 1985) differs from the controller according 

to (Mamdani and Assilian, 1975) in the evaluation of the consequences. Instead of fuzzy sets, 

functional rules are used to calculate the controller output as a function of the crisp input vari-

ables. This also results in crisp values arising from the rule evaluations. Usually zero-order or 

first-order functions are used, (Jang and Chuen-Tsai, 1995). For the determination of the output 

quantity of the fuzzy controller the individual rule evaluations in combination with the respec-

tive firing strengths resulting from the premise are evaluated. For this purpose the weighted 
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average or the weighted sum are used in common. The procedure directly results in a crisp 

output variable, thus eliminating the step of defuzzification, (Takagi and Sugeno, 1985). 

Establishing a fuzzy controller containing a rule base, a premise and a consequence can be done 

in two different ways. 

One way is to design a fuzzy controller manually. For this purpose, membership functions have 

to be defined, a rule base has to be created and, depending on the type of controller, additional 

output functions have to be defined manually. Depending on the complexity of the system to 

be controlled, a comprehensive expert knowledge is required. As a result, the manual creation 

can be very complex. 

The second possibility of creating a fuzzy inference system uses methods of machine learning, 

so that no expert knowledge is needed. These methods are distinguished as neuro-fuzzy control 

systems. In the following, these are presented using the example of an adaptive neuro-fuzzy 

inference system. 

In an adaptive neuro-fuzzy inference system a fuzzy inference system according to (Takagi and 

Sugeno, 1985) is represented as an artificial neural network. Thereby, the fuzzy-inference sys-

tem becomes trainable, (Jang, 1993). An adaptive neuro-fuzzy inference system is represented 

as a feedforward artificial neural network with five hidden layers. Though, the fuzzy inference 

system is preserved so that it remains more comprehensible compared to a pure artificial neural 

network, (Wu et al., 2011). The structure of an adaptive neuro-fuzzy inference system with two 

input quantities is illustrated in Figure 2.7. 

Figure 2.7 Adaptive Neuro-Fuzzy Inference System – Structure 
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Within the first layer the input variables are fuzzificated. For this purpose membership func-

tions are defined for each input variable. Typically, type and number of the membership func-

tions are consistent across all input variables, (Jang, 1993). The output quantities of the first 

layer therefore correspond to the membership values of the input variables towards the mem-

bership functions.  In the second layer these membership values are used to determine the firing 

strengths of the rules. For this purpose the intersection fuzzy operation is applied. The third 

layer normalizes the firing strengths. In the fourth layer the input values are processed with 

respect to functional rules and multiplied by the normalized firing strengths. Within the fifth 

and last layer the rules are composed. Due to the chosen structure of the previous layers, this is 

done by a summation. The output of the fifth layer is equal to the output of the adaptive neuro-

fuzzy inference system. Within the field of control this output is equal to the manipulated vari-

able, (Karaboga and Kaya, 2019). 

Within the training of adaptive neuro-fuzzy inference system only the parameters of the first 

and fourth layer are adjusted. The further layers remain invariable. For this purpose a hybrid 

algorithm can be applied for supervised learning, according to (Jang, 1993). 

In a forward pass the parameters of the consequence, which are located in the fourth layer, are 

adjusted. The input data are propagated through the adaptive neuro-fuzzy inference system. In 

the forward pass the premise parameters in the first layer are kept constant as well. In order to 

adapt the fourth layer, the linear dependency between the output quantity and the consequence 

parameters is used. Thus, a linear system of equations is solved analytically to adjust it. For this 

purpose the least squares estimation method can be used, (Sorenson, 1970). 

In a backward pass the parameters of the premise, which are located in the first layer, are then 

adjusted. The parameters determined in the forward pass are kept constant. Between the output 

variable and the premise parameters there is no linear relationship. Therefore, the method of 

error backpropagation is used for the adjustment of the premise parameters, (Rumelhart and 

McClelland, 1987, Hecht, 1989). 

The creation of the rule base of adaptive neuro-fuzzy inference system depends on the parti-

tioning of the input variables, which initializes the membership functions for the inputs. 

One method of input partitioning is the grid partitioning. In this method the value ranges of 

each input variable are divided into equal areas. Corresponding to each of these areas a mem-

bership function is initialized. The number as well as the type of the membership functions are 

selectable. The rule base then comprises all combinations of membership functions of all inputs 

with each other. 

A further possibility of input partitioning is clustering, (Chiu, 1994). Here the input data space 

is analyzed and clusters are created in areas of high data density. Then a rule is defined for each 

cluster. In comparison to the method of grid partitioning, this results in a significantly smaller 
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rule base in most cases. However, this also leads to a loss of accuracy of the adaptive neuro-

fuzzy inference system. 

An adaptive neuro-fuzzy inference system represents a multiple input single output system. For 

the use as multiple input multiple output system there are in principle two possibilities of im-

plementation.  

One possibility is the parallel arrangement of individual adaptive neuro-fuzzy inference sys-

tems, which is denoted as a multiple adaptive neuro-fuzzy inference system. For each output 

variable a separate adaptive neuro-fuzzy inference system is created, including its own premise, 

rule base and consequence, (Jang and Sun, 1996). One disadvantage is the increased training 

effort, since a complete training has to be performed for each output variable. Likewise, a mul-

tiple adaptive neuro-fuzzy inference system does not allow to realize interconnections between 

individual output variables, thus these are completely independent of each other. 

The second option is represented by a co-active neuro-fuzzy inference system, according to 

(Mizutani and Jang, 1995). In this case the adaptive neuro-fuzzy inference system is adapted in 

such a way that for each output variable a separate consequence is defined including its own 

functional rules. These consequences are denoted as local experts. The further structure of the 

adaptive neuro-fuzzy inference system remains the same. Therefore, a co-active neuro-fuzzy 

inference system possesses only one premise and one rule base for all output variables. This 

structure is illustrated in Figure 2.8. 

For the training of the co-active neuro-fuzzy inference system, the hybrid learning algorithm 

can be adapted in such a way that the forward pass is performed separately for each local expert 

and during the backward pass the cumulated error over all local experts is back propagated, 

Figure 2.8 Co-Active Neuro-Fuzzy Inference System – Structure 
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(Mizutani and Jang, 1995). Due to this structure the training effort is reduced compared to a 

multiple adaptive neuro-fuzzy inference system. Furthermore, interconnections between output 

variables can be modeled, (Sieberg et al., 2020). 

State of the Art 

In the following, the state of the art in the field of vehicle dynamics based on fuzzy control 

systems is presented. 

(Miao et al., 2008) use a fuzzy neural network controller to improve the vehicle stability. A 

fuzzy neural network controller also represents a trainable fuzzy inference system. The fuzzy 

control is first designed and trained by simulation. The validation is done both in simulation 

and experimentally. The input variables into the fuzzy neural network controller are the roll 

angle, the pitch angle and the vertical position of the center of gravity. The output variables are 

composed of the vertical forces at the wheel suspensions, which can be adjusted by magne-

torheological dampers. The fuzzy neural network controller reduces roll, pitch and vertical body 

movements to a greater extent than a control based on the skyhook principle, according to 

(Ahmadian et al., 2004).  

In (Singh and Darus, 2011), a fuzzy inference system according to (Mamdani and Assilian, 

1975) is used to control the roll behavior of a vehicle. The implementation as well as the vali-

dation is done by simulation. The definition of the fuzzy inference system is based on expert 

knowledge. The input variables consist of the steering angle with seven membership functions 

and the longitudinal velocity with five membership functions. The output variable is the counter 

roll torque with seven membership functions. All membership functions are of the type of a 

Gaussian function. In total the fuzzy inference system comprises 35 rules. By using the fuzzy 

controller both roll angle and roll rate are reduced compared to a passive vehicle. 

In (Tahami et al., 2004), a fuzzy controller is used for direct yaw control of a vehicle with in-

wheel motors. In addition, the individual in-wheel motors are controlled in a lower level by 

separate fuzzy inference systems concerning the slip. The implementation and validation is 

done by simulation. The inputs into the fuzzy inference system for the direct yaw control in-

clude the yaw rate deviation from a reference variable and the time derivative thereof. The 

output variable represents a counter yaw torque. For the inputs as well as for the output seven 

membership functions each are defined. Each of the fuzzy inference systems in the lower level 

features the wheel slip as well as the angular acceleration of the wheel as input variables and 

an output variable which affects the torque of the in-wheel motors. By using the fuzzy inference 

systems the safety of the vehicle is ensured compared to a passive vehicle respectively a pure 

application of the direct yaw controller.  

A multiple adaptive neuro-fuzzy inference system is used in (Hou et al., 2008) to control the 

vehicle in terms of yaw rate and side-slip angle. The input variables into the multiple adaptive 

neuro-fuzzy inference system are the deviation from reference variables in yaw rate and side-
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slip angle respectively. Five membership functions are defined per input. The outputs represent 

throttle or brake. The implementation and validation is done by simulation. The multiple adap-

tive neuro-fuzzy inference system is then combined with a fractional proportional-integral-de-

rivative controller which controls an active front steering system. The integrated vehicle dy-

namics control increases safety compared to stand-alone systems.  

In (Fan et al., 2011) a fuzzy inference system according to (Mamdani and Assilian, 1975) is 

applied for a direct yaw control. The input variables are the deviation of the yaw rate from a 

reference yaw rate and the time derivative of this deviation. The output quantity is a counter 

yaw torque. The input variables are each covered by seven triangular membership functions. 

The output quantity is represented by five triangular and two trapezoidal membership functions. 

The rule base comprises 49 rules. The implementation and validation of the fuzzy inference 

system is done by simulation. Through the use of the fuzzy inference system for a direct yaw 

control a passive vehicle can be stabilized. 

2.3.3 Research Gap 

In order to optimize vehicle dynamics control for future applications, in particular highly re-

spectively fully automated driving, two aspects have to be covered to achieve further improve-

ments in vehicle safety and ride comfort. As drivers become passengers, comfort becomes an 

increasingly decisive feature of the vehicle. Furthermore, vehicle safety must also be ensured 

in the case of emergency evasive maneuvers at the limits of vehicle dynamics. The two aspects 

to be covered are characterized by a predictive mode of operation and by the utilization of the 

available synergy potential and the avoidance of negative influences within the control struc-

ture. A central model-based predictive control is an appropriate solution for that purpose. To 

achieve a full exploitation of the control performance, this type of control results in an enormous 

computational effort. Furthermore, the optimization within the model-based predictive control 

without additional restrictions leads to a non-real-time capable system. With regard to the ap-

plication in vehicles, both aspects represent enormous challenges. One way to evade these chal-

lenges is to reduce the computational effort by using simplified models and by restricting the 

number of iterations or even by solving the optimization problem in an analytical way. How-

ever, all these adjustments reduce the control quality, (Sieberg et al., 2018). 

In the context of this thesis, a novel approach is presented to reduce the computational effort 

while preserving the control quality. Within this approach a central non-linear model-based 

predictive control featuring an excellent control quality is represented by a neuro-fuzzy system. 

The neuro-fuzzy system drastically reduces the computational effort without deteriorating the 

control quality. Moreover, it is based on a direct mode of operation and is basically real-time 

capable. A neuro-fuzzy system represents a fuzzy inference system in the form of an artificial 

neural network. Thus, the fuzzy inference system is trainable and can reproduce the desired 
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behavior. After the training, a pure fuzzy inference system ultimately remains, resulting in a 

more comprehensible system compared to an artificial neural network. 

 



 

 

3 Development Framework 

This Chapter presents the framework used for the development and im-

plementation of the vehicle dynamics state estimation and control. First, 

the simulation environment is outlined. The following Section introduces 

the control objectives. Then the selected vehicle is presented. Two main 

considerations in this context are actuators and sensors. Regarding the 

actuators, the possibilities to influence the vehicle dynamics are pre-

sented and subsequently selected based on a utility analysis. Further-

more, the simulation models of the selected actuators are derived. Con-

sidering the sensors, the measurement equipment of the vehicle is pre-

sented. Then the quantities for the vehicle dynamics state estimation are 

specified. In a final Section, the driving scenarios used to implement the 

data-driven models are presented. 

3.1 Simulation Environment 

To realize the vehicle dynamics state estimation and control, a simulation environment based 

on a co-simulation between two simulation tools is utilized. The simulation software IPG Car-

Maker implements vehicles and driver models as well as environmental effects, so that it can 

conduct virtual test scenarios. A multibody simulation is performed within IPG CarMaker to 

describe the vehicle dynamics in detail. The impact of the driver on the vehicle dynamics can 

be investigated by varying driver models. Furthermore, other traffic participants can be inte-

grated into IPG CarMaker and the characteristics of the road as well as the entire surrounding 

area can be parameterized. Thus, the software can generate scenarios close to reality, which are 

necessary for the development of the hybrid methods regarding vehicle dynamics state estima-

tion and control. 

In addition to IPG CarMaker, the software tool MATLAB & Simulink is used to develop the 

hybrid methods and finally use them inside the co-simulation for state estimation and control 

of the vehicle dynamics. In addition to the tasks of state estimation and control, the deployed 

actuators are also simulated in MATLAB & Simulink. A schematic structure of the simulation 

environment is shown in Figure 3.1.  
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The co-simulation is performed with a fixed step size of 𝑡S = 0.001 s. The step size applied 

within IPG CarMaker as well as within MATLAB & Simulink is also fixed to 𝑡S = 0.001 s. 

First, IPG CarMaker performs a simulation step, in which the vehicle is simulated based on the 

vehicle dynamics and all additional influences from the driver and the environment. Subse-

quently, sensor data listed in 𝒔V, which describe the vehicle dynamics, are transferred from IPG 

CarMaker to MATLAB & Simulink. The sensors used to measure the vehicle dynamics are 

described in Section 3.3.2. 

Based on the sensor data 𝒔V the central predictive control is prepared. For this purpose, the 

available information regarding vehicle dynamics is used to determine reference trajectories for 

the controlled variables. The central predictive control is executed taking into account the sen-

sor data 𝒔V and the reference trajectories, which specify the target variables of the control. Fur-

thermore, the central predictive control utilizes the states of the vehicle dynamics 𝒙Est deter-

mined by the state estimation. The result of the predictive control is an optimal vector of the 

manipulation variables 𝒖C. Afterwards the actuator models process the manipulated variables 

in order to consider not only the actuator limitations but also the dynamics of the actuators. This 

yields the actuating variables 𝒖R which are transferred to the state estimation. In addition to the 

actuating variables, the state estimation considers the available sensor data 𝒔V. Furthermore, 

Figure 3.1 Simulation Environment 
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the actuating variables 𝒖R are transferred to IPG CarMaker, which takes into account these ac-

tuating variables 𝒖R to continue with the next step of the multibody simulation. Between the 

individual subareas, a delay time is taken into account. This provides a realistic representation 

of the transmission times within the vehicle. 

3.2 Control Targets 

The objective of the vehicle dynamics control within this thesis is to manipulate the rotational 

degrees of freedom of the vehicle body. Influencing these degrees of freedom enhances both 

vehicle safety and ride comfort. By implementing a central control system which is pursuing 

the control objectives in a holistic way, synergies are used and contrary interactions between 

the individual control variables are avoided, (Fan et al., 2008, Sieberg et al., 2019b). Within 

this thesis, three control objectives are addressed. 

The control of the roll behavior of the vehicle body is one control objective. Thereby, the con-

trolled variable equals the roll angle of the vehicle body. The risk of rollover during cornering 

is minimized by the systematic control of the roll angle. Furthermore, the comfort for the pas-

sengers is increased, (Mizuta et al., 2010). 

A second control objective is the reduction of pitching movements of the vehicle body. Pitching 

movements occur mainly during acceleration or deceleration maneuvers. By reducing pitching 

movements, the comfort of the vehicle passengers is further improved, (Ikenaga et al., 2000). 

The third control objective is to manipulate the self-steering behavior of the vehicle. Thereby, 

a desired self-steering behavior to be specified is adapted for the vehicle. As a result, the vehicle 

can be designed either in terms of vehicle stability or in terms of agility, (Jianyong et al., 2007). 

To improve vehicle stability, the vehicle is designed to achieve a greater understeering behav-

ior. In contrast, the agility of the vehicle is increased by a more oversteering behavior, 

(Schramm et al., 2018).  

3.3 Vehicle Setup 

A test vehicle of the sport utility vehicle class is the starting point. The vehicle selected in this 

thesis is henceforth the sport utility vehicle Lexus RX 400h, which is one of the sample vehicles 

of IPG CarMaker. Table 3.1 lists basic vehicle parameters of the Lexus RX 400h. 

The actuators, which can be integrated into the sport utility vehicle to accomplish the control 

objectives, are presented in the following. Subsequently, the composition of the sensor data 𝒔V 

is outlined, which are transferred from IPG CarMaker to MATLAB & Simulink. 
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Table 3.1 Vehicle Parameter Lexus RX 400h 

Description Parameter Unit 

Distance of the Center of Gravity to the 

Front Axle 
1.343 m 

Distance of the Center of Gravity to the 

Rear Axle 
1.407 m 

Driveline Model All Wheel Drive - 

Height of the Center of Gravity 0.682 m 

Height of the Center of Pitching 0.3257 m 

Height of the Center of Rolling 0.2826 m 

Moment of Inertia about the Lateral 

Axis 
2,654 kgm² 

Moment of Inertia about the Longitudi-

nal Axis 
760 kgm² 

Moment of Inertia about the Vertical 

Axis 
2,774 kgm² 

Tires 235/55/R18 - 

Track Width 1.538 m 

Vehicle Body Mass 1,820 kg 

Vehicle Mass 2,072 kg 

Wheelbase 2.75 m 

 

3.3.1 Actuators 

First, different possibilities of manipulation opportunities are presented and subjected to a util-

ity analysis. Based on defined criteria the actuators for further use are selected. Subsequently, 

the simulation models of these actuators are introduced, which are integrated into the co-simu-

lation. 

Manipulation Opportunities 

In order to achieve the control objectives defined in 3.2, there are various ways of exerting 

influence. The chassis elements can be equipped with actuators to specifically influence the 

roll, pitch and self-steering behavior. Furthermore, concepts such as the distribution of drive 

torque to individual wheels and all-wheel steering can additionally affect the self-steering be-

havior. Subsequently, these actuators are presented with regard to their operating principle. 

Active Stabilizers 

Compared to a passive stabilizer, in an active stabilizer the two wheels of an axle are coupled 

by two stabilizer bars, which are connected by an actuator. Figure 3.2 illustrates an active sta-

bilizer as a schematic sketch. By using an actuator, a torsion-independent cutting torque can be 
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generated. Thus an active torque can be impressed. Hydraulic swivel engines as well as elec-

tromechanical engines can be used for the actuation, (Heißing and Ersoy, 2011). 

The use of a brushless electromechanical actuator reduces both the integration effort and the 

additional weight compared to a hydraulic actuator. Furthermore, the effort of maintenance and 

the fuel consumption are minimized. The electromechanical stabilizer features shorter operating 

times and can therefore follow the principle of power on demand, (Kraus, 2014, Sagewka et al., 

2017). In contrast, hydraulic actuators offer a greater power density than electromechanical 

actuators, (Kim et al., 2011). 

Active stabilizers are used to manipulate the roll behavior. In addition, the self-steering behav-

ior of the vehicle can be influenced. The vehicle can be designed to suit a situation by specifi-

cally assigning the stabilizer torques to the front and rear axles. The distribution of the active 

stabilizer torques in the direction of the front axle results in a more understeering behavior. 

Conversely, an assignment to the rear axle results in a more oversteering vehicle. Safety in 

critical driving situations and an agility desired by the driver can thus be optimally combined. 

All-Wheel Steering 

All-wheel steering indicates that in addition to the front wheels, the wheels of the rear axle can 

also be steered. In general, the wheels of the rear axle can be steered in the same direction or in 

the opposite direction to the steering at the front axle. Both possibilities are shown in Figure 

3.3.  

If the rear wheels are operating in a parallel direction steering, the instantaneous center of rota-

tion 𝐶𝑅,𝑃 is located further to the back compared to the instantaneous center of rotation 𝐶𝑅,𝑂 of 

a purely front steered vehicle. This can be compared with a virtual extension of the wheelbase. 

A parallel direction steering indicates that the wheels of the rear axle are steered in the same 

direction as the wheels of the front axle. As a result, the side-slip angle is qualitatively reduced 

in this case compared to a vehicle that is steered exclusively at the front. Thereby, the vehicle 

Figure 3.2 Active Stabilizer 

Actor Unit 
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stability can be increased as the vehicle operates in a more understeering manner. In addition, 

due to the parallel steering direction for dynamic steering inputs, the lateral forces on the front 

and rear axle are built up faster and smoother. This improves the responsiveness from a steering 

input to a lateral acceleration, which improves the handling at high velocities. 

If the wheels of the rear axle are steered in the opposite direction of the front axle, the instanta-

neous center of rotation 𝐶𝑅,𝐶 shifts further to the front compared to the instantaneous center of 

rotation 𝐶𝑅,𝑂, as shown in Figure 3.3. This is equivalent to a virtual reduction of the wheelbase 

and results in a decrease of the cornering radius. Due to the steering in opposite directions, the 

direction of the lateral forces at the front and rear axle are initially opposed, which inhibits the 

initial lateral acceleration and results in yaw amplification. Thus the vehicle becomes more 

Figure 3.3 All-Wheel Steering, According to (Harrer and Pfeffer, 2017) 
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agile. An opposite steering direction of the rear axle is therefore mainly used at low velocities. 

(Harrer and Pfeffer, 2017) 

All-wheel steering can be used to influence the self-steering behavior of the vehicle. Further-

more, the steering effort can be reduced. Thus parking and maneuvering are simplified, which 

enhances the driving comfort. 

Semi-Active Dampers 

In order to vary the damping force of a conventional damper, two basic principles exist. One 

possibility is to regulate the damper force by an additional proportional valve in a twin-tube 

damper. Due to the valve, the flow between the two chambers can be adjusted and thus the 

damping force can be regulated continuously, (Heißing and Ersoy, 2011). Figure 3.4 shows two 

possibilities to realize such a damper. 

The left part of Figure 3.4 illustrates a solution with an external valve. The two chambers are 

connected by a bypass in which the proportional valve is located. In the right part of Figure 3.4 

the proportional valve is integrated into the damper piston.  

A second principle with which a variable damping force can be generated is based on the prop-

erties of magnetorheological fluids. For example, a magnetorheological fluid can be realized 

by adding very small iron particles to oil. When the fluid is inside of a magnetic field, the iron 

particles align themselves so that the shear stress in the fluid increases. This alignment of the 

particles is illustrated in Figure 3.5. The increase of the shear stress results in an increase of the 

damping force. 

Figure 3.4 Semi-Active Damper – Left: Twin-Tube Dampers with External Proportional 

Valve; Right: Twin-Tube Dampers with Integrated Proportional Valve, Ac-

cording to (Heißing and Ersoy, 2011) 
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Semi-active dampers can reduce vertical movements of the vehicle body. As a result, vertical 

excitation induced by the road surface can be decreased. Moreover, semi-active dampers can 

reduce pitching and rolling movements. Semi-active dampers can also be used to adapt the 

forces in the tire contact surfaces. This can for example reduce the braking distance, especially 

on uneven roads, (Niemz, 2007). 

Semi-Active Springs 

Semi-active springs feature an adjustable spring force. One possibility to make the spring force 

adjustable is to change the length of the spring. This is done by adjusting the spring mount. The 

adjustment can be done either hydraulically or electromechanically. Figure 3.6 shows an elec-

tromechanical spring mount adjustment, according to (Münster et al., 2009). The upper end of 

the spring, which is usually connected to the vehicle body, is located on a movable piston. The 

piston is connected with a lead spindle drive, which enables the movement along the lead spin-

dle. The position of the piston is controlled by an electric motor. Depending on the demand, the 

spring mount can be altered and hence the spring force can be adjusted. If a greater spring force 

is required, the piston moves downwards. If the required spring force is lower, the spring length 

is shortened by moving the piston upwards. In the hydraulic version, the adjustment of the 

spring mount is done by affecting the amount of the fluid inside a chamber system.  

 

 

Figure 3.5 Semi-Active Damper – Magnetorheological Damper, According to (Heißing 

and Ersoy, 2011) 
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A second possibility for adjusting a spring force is to use air spring systems. Here, conventional 

steel springs are replaced by air-filled chambers. Depending on the required spring force, the 

amount of air and thus the pressure in the bellow is changed. The structure of a single-chamber 

air spring is shown in Figure 3.7. Air suspensions work according to the principle of volume 

suspension. The change of the spring force is based on the isentropic change of state of the 

enclosed air, (Pahl, 2016). Nowadays, multi-chamber air springs are used, for example three-

chamber air springs. The rolling piston and an outer guide supporting the rolling process have 

a cylindrical contour. This ensures a constant effective area of the air spring bellows over the 

entire spring travel and prevents steps in the spring rate, (Boyraz et al., 2017b). 

With the three-chamber air spring, the rolling process is carried out only for the main chamber. 

The two additional chambers are in a static form and serve to increase the total volume of the 

system. In the example of the three-chamber air spring, the air spring features the highest spring 

stiffness using only the main chamber. Generally, the spring rate decreases with increasing vol-

ume inside the air spring chambers. If the additional air chambers are merged with the main 

chamber, the spring rate of the air spring decreases, (Boyraz et al., 2017a). 

Figure 3.6 Semi-Active Spring – Spring Mount Adjustment, According to (Münster et 

al., 2009) 
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Semi-active springs can be used to manipulate pitching, rolling and vertical movements of the 

vehicle body. In addition, the vehicle height level can be adjusted by semi-active springs, re-

gardless of the payload. 

Torque Vectoring 

Torque vectoring allows the drive torque to be distributed to individual wheels. One possibility 

to implement the distribution is a brake intervention, which reduces the drive torque on indi-

vidual wheels. Due to the brake intervention, this type of torque vectoring results in both in-

creased fuel consumption and increased strain on the brake system. 

A more efficient way to perform torque vectoring is to use an active differential. One way of 

implementing an active differential is to modify a bevel gear differential so that it can transmit 

motion to clutch housings. Thereby, clutch friction discs are attached to the differential output 

axles. The structure of this active differential is shown in Figure 3.8. 

The transmission ratio between the input shaft of the bevel gear and the clutch housings is 

designed in such a way that the clutch housings rotate faster than the discs. Therefore, the clutch 

torque sign is known. Accordingly, the magnitude of the torque depends purely on the actuating 

force of the clutch. 

In (Canale et al., 2007), this force is generated by an electro-hydraulic system. The dynamics 

of the active differential depends mainly on the valves which adjust the fluid pressure within 

the hydraulic system and thereby generate the clutch forces. The transmission of the drive 

torque in this system is merely limited by the internal transmission ratio.  

 

 

Figure 3.7 Semi-Active Spring – Air Spring, According to (Pahl, 2016) 
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Another way of implementing an active differential is to integrate an electric motor into the 

differential. The scheme is shown in Figure 3.9. The internal transmission ratio and the adjust-

able clutches enable individual drive torque settings for each wheel. By using the electric motor 

in both, motoric operation as well as a generator, the drive torque can be adjusted. If the electric 

motor is not actuated, the electromechanical differential operates as an open differential, 

(Rahimi Fetrati et al., 2016a, Rahimi Fetrati et al., 2016b).  

Figure 3.8 Torque Vectoring – Active Rear Differential, According to (Canale et al., 2007) 
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Figure 3.9 Torque Vectoring – Active Electromechanical Differential, According to (Rahimi 
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Torque vectoring generates an additional yaw torque, which results from the individual adjust-

ment of the drive torques for each wheel. Therefore, torque vectoring systems can be used to 

affect the self-steering behavior of a vehicle. The vehicle acts in a more oversteering manner 

and is consequently more agile if the drive torque is shifted in the direction of the curve’s outer 

wheels during cornering. If the drive torque is shifted in the direction of the curve’s inner 

wheels, a greater understeering behavior is obtained, which increases the stability of the vehicle. 

Utility Analysis 

In the following Section, the actuators with which the sport utility vehicle will be equipped are 

selected. The selection is based on a utility analysis under consideration of the overall suitability 

for the final application. Three concepts are considered as possible setups. Each concept is ca-

pable of achieving the control objectives defined in Section 3.2. Besides the control objectives, 

the concepts are evaluated with regard to their costs, the availability of additional functions and 

the integration complexity into the test vehicle. Table 3.2 gives an overview of the evaluation 

criteria, including the corresponding weightings. These have been determined with regard to 

the control objectives and economic efficiency by a pair-by-pair comparison, which is provided 

in Table A-1 of the Appendix. 

Table 3.2 Assessment Criteria of the Utility Analyses 

Assessment Criteria Weighting 

Additional Costs 19.44 % 

Additional Functions 5.56 % 

Integration Effort 11.11 % 

Manipulation of the Pitch Behavior 19.44 % 

Manipulation of the Roll Behavior 30.56 % 

Manipulation of the Self-Steering Behavior 13.89 % 

 

Subsequently, the vehicle configuration concepts are presented. The composition of the con-

cepts as well as the surcharges to be considered are based on the equipment possibilities of a 

Porsche Cayenne due to availability, (PorscheAG, 2020). The surcharges to be paid are used as 

indicators to evaluate the additional costs. An overview of the concepts is given in Table 3.3. 

Table 3.3 Vehicle Configuration Concepts  

 Concept 1 Concept 2 Concept 3 

Utilized Actors 

Four-Wheel Steering 

Semi-Active Dampers 

Semi-Active Springs 

Torque Vectoring 

Active Stabilizers 

Semi-Active Dampers 

Active Stabilizers 

Four-Wheel Steering 

Semi-Active Dampers 

Semi-Active Springs 

Surcharges 5,955.95 € 4,819.50 € 7,740.95 € 
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The first configuration concept includes an air spring system, four-wheel steering, semi-active 

dampers and electromechanical differentials respectively torque vectoring. The surcharges in-

dicating the additional costs are 5,955.95 €. The air spring and the semi-active dampers can be 

used to manipulate the roll and pitch behavior of the vehicle body. The self-steering behavior 

is adjusted by the four-wheel steering and the torque vectoring. Additional functions, which are 

covered by the setup, are a variable height adjustment of the vehicle, an optimization of the 

braking distance and the adjustment of vertical movements. 

The second configuration concept features active stabilizers and semi-active dampers. There-

fore, it is the most minimalistic one of the three concepts. The surcharges sum up to 4,819.50 €. 

The semi-active dampers are used to influence the roll and pitch behavior of the vehicle body. 

The active stabilizers serve on the one hand to control the roll behavior. On the other hand, the 

distribution of the stabilizer torques between the front and rear axle is used to affect the self-

steering behavior of the vehicle. Additional functions covered by this concept are an optimiza-

tion of the braking distance and the compensation of vertical movements of the vehicle body. 

Within the third configuration concept, the sport utility vehicle is equipped with an air spring 

system, active stabilizers, four-wheel steering and semi-active dampers. This leads to sur-

charges indicating the additional costs of 7,740.95 €. The roll behavior of the vehicle body is 

manipulated by the air spring, the active stabilizers and the semi-active dampers. The pitch 

behavior of the vehicle body is affected by the air springs and the semi-active dampers. In 

addition to the four-wheel steering, the active stabilizers are used to influence the self-steering 

behavior by distributing the torque between the front and rear axle. As with the first configura-

tion setup, additional functions are the variable height adjustment of the vehicle, the optimiza-

tion of the braking distance and the adjustment of the vertical movements of the vehicle. 

The three different vehicle configuration concepts are evaluated using the criteria listed in Table 

3.2. The assessment scale consists of four scores. Zero points are awarded for very poor perfor-

mance in one criterion. For a poor fulfilment of a criterion, one point is granted. In case a cri-

terion is fulfilled properly, then two points are scored. An excellent fulfilment corresponds to a 

score of three points. The score is then multiplied by the weighting of the corresponding assess-

ment criterion. Table 3.4 depicts an overview of the assessment of the three concepts by the 

author. The weighted scores of the individual concepts are summed to obtain the results of the 

utility analysis. 

As a result of the utility analysis, configuration concept 2 is selected, which includes active 

stabilizers and semi-active dampers. In comparison to the other two concepts, it fulfills the 

specified requirements in the best way with a score of 2.25001. 
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Table 3.4 Vehicle Setup – Utility Analyses 

Assessment Criteria Concept 1 Concept 2 Concept 3 

Additional Costs 0.19444 0.38889 0 

Additional Functions 0.11111 0.05556 0.16667 

Integration Effort 0.11111 0.22222 0 

Manipulation of the Pitch Behavior 0.58333 0.38889 0.58333 

Manipulation of the Roll Behavior 0.61111 0.91667 0.91667 

Manipulation of the Self-Steering Behavior 0.41667 0.27778 0.41667 

Results 2.02777 2.25001 2.08334 

 

Actuator Models 

Subsequently, the models of the actuators are presented, which are integrated into the sport 

utility vehicle due to the results of the utility analysis. Owing to a realistic representation, it is 

essential to use actuator models. By using actuator models, the actuator dynamics can be 

mapped and furthermore the physical limitations of the actuators can be considered. Moreover, 

the requirements of discrete and real-time capable operation must be preserved for actuator 

modeling.  

Active Stabilizer 

The active stabilizers used in this thesis are based on an electromechanical design. The active 

part, which connects the two sides of the stabilizer, is implemented by a DC motor together 

with a gearbox. The parameterization of the DC motor is listed in Table 3.5, according to (Buma 

et al., 2010). 

Table 3.5 Active Stabilizer – DC Motor & Gearbox Parameter 

Description Parameter Unit 

Armature Inductance 𝐿A 0.5 H 

Armature Resistance 𝑅A 0.204 Ω 

Nominal Armature Voltage 𝑈A 12 V 

Counter-Electromotive Force Constant 𝐾E 0.5 Vs/rad 

Gear Ratio 𝑟DC 1/200 - 

Internal Torque Control 

PI Controller 

Proportional Part 0.0391 

Integral Part 563.0720 
- 

Moment of Inertia of the Rotor 𝐽DC 0.000196 kgm² 

Number of Pole Pairs 𝑝DC 1 - 

Torque Constant 𝐾T 0.15 Nm/A 

Viscosity Coefficient 𝑑DC 0.3 Nms/rad 
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The DC motor primarily determines the behavior of the electromechanical stabilizer. In the 

following, the behavior of the DC motor is mapped using a discrete state space model  

𝒙(𝑘 + 1) = 𝑨𝒙(𝑘) + 𝑩𝒖(𝑘), (3.1) 

𝒚(𝑘) = 𝑪𝒙(𝑘) + 𝑫𝒖(𝑘), (3.2) 

which results in 

[
𝜔DC(𝑘 + 1)

𝐼A(𝑘 + 1)
] =  

[
 
 
 −
𝑑DC
𝐽DC

𝐾T
𝐽DC

−
𝐾E
𝐿A

𝑅A
𝐿A ]
 
 
 

∙ [
𝜔DC(𝑘)

𝐼A(𝑘)
] +

[
 
 
 −

1

𝐽DC
0

0
1

𝐿A]
 
 
 

∙ [
𝑇L(𝑘)

𝑈A(𝑘)
], (3.3) 

[
𝑇DC(𝑘)

𝐼A(𝑘)
] =  [

−𝑑DC 𝐾T
0 1

] ∙ [
𝜔DC(𝑘)

𝐼A(𝑘)
] + [

−1 0
0 0

] ∙ [
𝑇L(𝑘)

𝑈A(𝑘)
]. (3.4) 

The angular velocity 𝜔DC of the DC motor and the armature current 𝐼A form the state vector. 

The two input variables are the load torque 𝑇L and the armature voltage 𝑈A. The output varia-

bles are the armature current 𝐼A and the applied torque 𝑇DC of the DC motor. Furthermore, the 

viscosity coefficient 𝑑DC, the torque constant 𝐾T and the moment of inertia of the rotor 𝐽DC act 

on the mechanical characteristics of the DC motor model. The electrical characteristics are af-

fected by the armature resistance 𝑅A, the armature inductance 𝐿A and the counter-electromotive 

force constant 𝐾E. In addition, a torque control is integrated into the DC motor model to enable 

adjustment of the stabilizer torque determined by the central predictive control. The dynamic 

behavior of the DC motor corresponds to a first order delay element. In order to compensate 

the delay the torque control is achieved by a proportional-integral controller. Figure 3.10 illus-

trates the schematic structure of the active stabilizer model. 

The stabilizer torque 𝑇St,C specified by the central predictive control system is converted into 

the required torque 𝑇DC,req for the DC motor via a gear ratio. Moreover, the torque 𝑇DC of the 

Figure 3.10 Active Stabilizer Model – Schematic Structure 
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DC motor is likewise converted back into the actuated variable of the stabilizer torque 𝑇St via 

the ratio of the gearbox. 

Semi-Active Damper 

In order to model the behavior of the semi-active dampers, a magnetorheological design of a 

damper is considered within this thesis. Data obtained during experimental test series are avail-

able for modeling the semi-active damper. The semi-active damper can be operated in a defined 

current range. Depending on the compression velocity 𝑣D of the damper and the applied current 

𝐼D, a resulting damping force is generated. The characteristic map of the magnetorheological 

damper is illustrated in Figure 3.11. The current can be set within the range of 𝐼D,min and 𝐼D,max. 

The basis of the damper model is the characteristic map, which is embedded into the simulation 

environment as a lookup table. Depending on the applied current and the compression velocity 

of the damper a corresponding damper force is determined, which is within the physical bound-

aries of the magnetorheological damper. 

Another important aspect in the modeling of the actuator is the representation of the actuator 

dynamics. In order to reproduce the dynamics using the characteristic map, delay times are 

taken into account. On the one hand, an inductive delay time 𝜏C is integrated into the model. 

This considers the dynamic behavior of the coil, which is used to build up the magnetic field of 

the semi-active damper. The inductive delay time 𝜏C is specified by 

𝜏C =
𝐿C
𝑅C
. (3.5) 

Figure 3.11 Semi-Active Damper Model – Characteristic Map 

−𝑣D 0 𝑣D  

Compression Velocity 

−𝐹D 

0 

𝐹D 

D
a
m

p
er

 F
o

rc
e 

 

𝐼D,min 

𝐼D,max 



3.3 Vehicle Setup 53 

 

The coil for building up the magnetic field features the inductance 𝐿C and the resistance 𝑅C. By 

taking the inductive delay time 𝜏C into account, the current 𝐼C acts like a first order delay ele-

ment, (Lei and Shiguo, 2006). Considering the operation at specified DC voltage 𝑈C,N, the dy-

namic behavior of the current 𝐼C can be determined by 

𝐼𝐶 =

{
  
 

  
 
𝑈C,N
𝑅C

(1 − 𝑒
−
𝑡C
𝜏C)

𝑑𝐼C
𝑑𝑡C

> 0

𝑈C,N
𝑅C

𝑑𝐼C
𝑑𝑡C

= 0

𝑈C,N
𝑅C

𝑒
−
𝑡C
𝜏C

𝑑𝐼C
𝑑𝑡C

< 0

 . (3.6) 

After a period of 𝑡C = 5𝜏C the coil current 𝐼C corresponds to 99.32621 % of the target value, in 

terms of an increasing coil current 𝐼C. The second time delay, which is considered in the model 

of the magnetorheological damper, describes the dynamic behavior of the fluid within the 

damper. The hydraulic delay time 𝜏H has been determined during the experimental test series, 

which has served to record the characteristic map. 𝜏H is the time required to build up the max-

imum possible damper force difference ∆𝐹D,max, excluding the inductive time constant 𝜏C. A 

linear behavior is assumed for building up the damper force in terms of hydraulic characteris-

tics. Under consideration of the inductive delay time 𝜏C and the hydraulic delay time 𝜏H the 

maximum changing rate of the damper force 

�̇�D,max = ∆𝐹D,max
1

5𝜏C + 𝜏H
 (3.7) 

is calculated. �̇�D,max incorporates the physical boundaries of the magnetorheological damper. 

Thus the characteristic map of the semi-active damper is extended by a description of the dy-

namic behavior. 

3.3.2 Sensors 

The sensor equipment of the sport utility vehicle corresponds to a minimalistic specification. In 

this configuration, a minimum number of sensors are installed in order to keep the costs for the 

hardware setup as low as possible. For this purpose, sensors are used that are already available 

as a standard for the electronic stability control. Due to a regulation of the European Union in 

2009, it is mandatory for vehicles to be equipped with an electronic stability control system in 

order to be licensed, (EuropeanUnion, 2009). The sensor signals required for an electronic sta-

bility control system are composed of the lateral acceleration, the steering wheel angle, the 

velocity, the wheel speeds and the yaw rate of the vehicle, (Liebemann et al., 2005). Further-

more, the information regarding the drive train is made available to the electronic stability con-

trol system, whereby the brake pressure, the engine torque, the transmission ratio and each pedal 
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position within the pedal set are known. For passenger safety, airbags are standard in the vehi-

cle. The airbags are essentially controlled on the basis of the longitudinal acceleration of the 

vehicle, (Aljazzar et al., 2009, Reif, 2014, Schramm et al., 2020).  

In the present case of the basic sensor equipment, an inertial measurement unit is incorporated 

in the center of gravity of the vehicle. The inertial measurement unit consists of two acceleration 

sensors and one gyroscope. The lateral acceleration and the longitudinal acceleration as well as 

the yaw rate of the vehicle are monitored by this inertial measurement unit. Furthermore, the 

steering wheel angle and the corresponding steering velocity are measured by a steering angle 

sensor. In addition, wheel speed sensors are used to determine not only the wheel speed but also 

the velocity of the vehicle, (Bosch, 2020). 

Table 3.6 provides an overview of the sensors installed. This sensor equipment serves as a basis 

for the sensor data 𝒔V which are transferred from the sport utility vehicle within IPG CarMaker 

to MATLAB & Simulink. 

Table 3.6 Sensor Setup  

Sensor Measured Quantity Unit 

Inertial Measurement Unit 

at the Center of Gravity 

Lateral Acceleration 𝑎𝑦 

Longitudinal Acceleration 𝑎𝑥 

Yaw Rate �̇� 

m/s² 

m/s² 

rad/s 

Steering Angle Sensor Steering Wheel Angle 𝛿SW rad 

Wheel Speed Sensors 
Vehicle Velocity 𝑣 

Wheel Speeds 𝑛W,𝑖𝑗 

m/s 

1/s 

 

In the context of this thesis, it is assumed that the sensor signals have already been pre-pro-

cessed by filtering. Therefore, ideal sensor signals are used in the further course. 

3.4 Estimation Targets 

In order to achieve the control objectives defined in Section 3.2, it is necessary to possess in-

formation regarding other variables of vehicle dynamics besides the quantities defined by the 

sensor signals in Section 3.3.2. The unknown vehicle dynamics states are determined by state 

estimators within this thesis. These state estimators predict the unknown states on the basis of 

the available sensor data and the actuating variables. 

For a successful control of the roll behavior of the vehicle body, the vehicle dynamic states of 

the roll angle 𝜑 and the roll rate �̇� are estimated. In conjunction with the reduction of the pitch 

behavior, the pitch angle 𝜃 and the pitch rate �̇� of the vehicle body are estimated. Moreover, in 

order to affect the self-steering behavior, the side-slip angle 𝛽 of the vehicle is estimated. Table 

3.7 provides an overview of the quantities along with the corresponding units, which are deter-

mined by the state estimation. 
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Table 3.7 Estimation Quantities  

Estimation Quantity Unit 

Pitch Angle 𝜃 rad 

Pitch Rate �̇� rad/s 

Roll Angle 𝜑 rad 

Roll Rate �̇� rad/s 

Side-Slip Angle 𝛽 rad 

 

3.5 Driving Scenarios 

In order to create the data-driven models within the state estimation as well as the control, 

training data are required. The composition of the training data takes into account three driving 

conditions. These are composed of driving straight ahead, cornering and the transition area be-

tween these two. The training data are generated within the development framework. This en-

ables the closed-loop characteristic and the interaction between state estimation and control to 

be mapped. For the state estimation the physical models are used within the framework, which 

are introduced in Chapter 4.1. The controller is based on the non-linear model-based predictive 

control, which is introduced in Chapter 5.2. By the pure use of models based on physical model 

knowledge within the development framework for the generation of the training data, these data 

are completely comprehensible. To generate the data-driven state estimators as well as the con-

trol, one database is used. This database relies on standardized driving maneuvers which are 

briefly presented in the following. 

The vehicle behavior of driving straight ahead is subdivided into the driving maneuvers accel-

eration test and braking test. During the acceleration test, the test vehicle is accelerated from 

standstill to a defined velocity. Depending on the target velocity, gears are changed during the 

acceleration phase. The driving maneuver acceleration test is varied for two parameters. In ad-

dition to the target velocity, which varies from 30 km/h to 130 km/h, the lateral road gradient 

is altered in a corridor from -6 % to 6 %. The increments are 20 km/h for the velocity and 1 % 

for the lateral road gradient. Besides the acceleration test, the driving maneuver braking test is 

used to describe the vehicle behavior of driving straight ahead. Within this driving maneuver, 

the test vehicle is decelerated from a defined velocity to standstill by an emergency braking. 

The braking test is also varied for two parameters. Again, in addition to the lateral road gradient 

ranging from -6 % to 6 % in 1 % increments, the velocity from which the emergency braking 

takes place is varied. The velocity is modified in 20 km/h steps in an interval of 30 km/h up to 

130 km/h.  

The cornering behavior is covered by two driving maneuvers. The first driving maneuver is 

based on the steady-state circular driving, according to (ISO, 2012). The objective of the driving 
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maneuver is to determine the steady-state behavior of the vehicle during cornering. Four differ-

ent parameters are varied during the steady-state circular travel. These are kept constant during 

each run of the driving maneuver. The parameters are the cornering radius, the lateral road 

gradient, the steering direction and the velocity of the vehicle. As for the cornering radius, 40 m 

and 100 m are preset. The lateral road gradient alters between -6 % and 6 % again in 1 % 

increments. The steering direction is either clockwise or counterclockwise. The velocity is var-

ied again in an interval from 30 km/h to 130 km/h in increments of 20 km/h. The second driving 

maneuver describing the cornering behavior is based on the maneuver braking in a turn, ac-

cording to (ISO, 2019). This driving maneuver aims at determining the vehicle reaction to a 

braking action during steady-state circular driving. The driving maneuver braking in a turn is 

modified for different parameters, which are composed by the longitudinal deceleration during 

the braking action, the lateral road gradient and the steering direction. The longitudinal decel-

eration is varied between 2.5 m/s² and 10.0 m/s² with an incremental step of 0.5 m/s². The lateral 

road gradient is adjusted within the range of -6 % and 6 % in increments of 1 %. In addition, 

both clockwise and counterclockwise steering directions are applied. The cornering radius as 

well as the velocity within this driving maneuver are constantly set to 100 m and 100 km/h, 

respectively.  

Beside the two areas of driving straight ahead and cornering, the transition behavior between 

these areas is used to create the training data. As with the other two areas, two driving maneu-

vers are utilized here as well. One driving maneuver applied is the double lane change defined 

in (ISO, 2018). The objective of the driving maneuver is to explore the dynamic behavior of 

the vehicle during several lane changes. The vehicle changes the lane and returns to the original 

lane subsequently. The geometric dimensions of the lanes for the double lane change are fixed. 

The driving maneuver is variable in three parameters. Besides the lateral road gradient and the 

velocity, both steering directions of the first lane change, clockwise and counterclockwise, are 

used. The lateral road gradient alters in 1 % increments between -6 % and 6 % and the velocity 

is varied between 30 km/h and 130 km/h in steps of 20 km/h. During the double lane change 

the driver attempts to preserve a constant velocity. The second driving maneuver to describe 

the transition behavior between driving straight ahead and cornering is based on the step steer-

ing input test, (ISO, 2011a). The objective of the driving maneuver is to determine the transient 

response behavior of the vehicle in the time domain. During the driving maneuver, a step 

change in the steering wheel angle is applied while driving straight ahead at constant velocity. 

Taking into account the feasibility, this steering wheel angle step is performed as a steering 

wheel angle ramp. The driving maneuver is varied in four parameters. These are composed of 

the lateral road gradient, the velocity, the amplitude of the steering wheel angle and the steering 

direction. The lateral road gradient and the velocity are varied consistently with the other driv-

ing maneuvers in the ranges -6 % to 6 % in 1 % steps and 30 km/h to 130 km/h in 20 km/h 

steps. The amplitude of the steering wheel angle is varying between 60° and 180° in increments 
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of 60°. The gradient of the steering wheel angle ramp is consistently 30°/s. Furthermore, both 

clockwise and counterclockwise steering directions are covered. 

A database with 1,508 simulated test drives results from the variation of the six different driving 

maneuvers. Table 3.8 summarizes the driving maneuvers, the adjustable parameters and their 

value ranges. 

Table 3.8 Driving Scenarios 

Driving Maneuver Parameter Values Unit 

Acceleration Test 
Lateral Road Gradient 

Velocity 

-6 to 6 

30 to 130  

% 

km/h 

Braking in a Turn 

Lateral Road Gradient 

Longitudinal Deceleration 

Steering Direction 

-6 to 6 

2.5 to 10 

Clockwise / Counterclockwise 

% 

m/s² 

- 

Braking Test 
Lateral Road Gradient 

Velocity 

-6 to 6 

30 to 130 

% 

km/h 

Double Lane Change 

Lateral Road Gradient 

Steering Direction 

Velocity 

-6 to 6 

Clockwise / Counterclockwise 

30 to 130 

% 

- 

km/h 

Step Steering Input 

Test 

Lateral Road Gradient 

Steering Amplitude 

Steering Direction 

Velocity 

-6 to 6 

60 to 180 

Clockwise / Counterclockwise 

30 to 130 

% 

° 

- 

km/h 

Steady-State Circular 

Drive 

Cornering Radius 

Lateral Road Gradient 

Steering Direction 

Velocity 

40 / 100 

-6 to 6 

Clockwise / Counterclockwise 

30 to 130  

m 

% 

- 

km/h 

 

The value ranges for the parameters were determined under consideration of public standards. 

The absolute, maximum lateral road gradient in Germany is 6 %, whereby this serves as the 

limit for the driving maneuvers, (FGSV, 2011, 2012). The limits of the velocity take into ac-

count the driving behavior in urban areas with 30 km/h and 130 km/h as the recommended 

velocity on the highway. Moreover, a maximum deceleration of 10 m/s² can be assumed ac-

cording to (Kudarauskas, 2007). For purposes of completeness, both steering directions were 

taken into account. The further limits of the value ranges result from the individual standards 

of the driving maneuvers. 

 

 



 

 



 

 

4 Hybrid State Estimation 

The hybrid method of state estimation combines and safeguards models 

obtained by machine learning methods with simple physical models. 

Models based on machine learning methods feature a reduced modeling 

effort as well as a high potential of representation quality. However, 

models resulting from experimental modeling lead to the consequence 

that the inner workings are not or only partially comprehensible. By in-

troducing physical model knowledge through simple models based on 

theoretical modeling, these incomprehensible models can be safe-

guarded. The simple physical models are introduced first. Subsequently 

the state estimators based on machine learning methods are presented 

in the form of artificial neural networks. In a further step both model 

architectures are combined and safeguarded by the hybrid method. A 

first validation of the hybrid state estimators is performed with test data 

in an open-loop operation mode. 

4.1 State Estimation Based on Physical Models 

The method of theoretical modeling is applied for the generation of the state estimators based 

on physical model knowledge. In this kind of modeling, a system behavior is described with 

the use of mathematical equations, which are derived from physical laws, (Schramm et al., 

2018). In the following, three state estimators based on physical knowledge are implemented 

for the quantities to be estimated as defined in Section 3.4, the roll angle 𝜑 and roll rate �̇�, the 

pitch angle 𝜃 and pitch rate �̇� as well as the side-slip angle 𝛽. In addition to a number of meas-

ured quantities, the manipulated variables also serve as inputs to these state estimators. For this 

purpose, the actuating variables 𝒖R represented by the actuator models are used. This ensures 

that, in addition to the actuator thresholds, the dynamics of the actuators are also incorporated. 

Consequently, these input variables into the state estimators are more accurate and realistic. 
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4.1.1 Roll Behavior 

The physical characteristic of the vehicle's roll behavior is based on a non-linear roll model. To 

derive the model, the vehicle body is cut free in the 𝑦-𝑧 plane, according to (Schramm et al., 

2018). Furthermore, the following assumptions are made for the construction of the non-linear 

roll model: 

- A quasi-stationary balance of forces acts in the lateral direction. 

- The geometry of the chassis does not alter under the impact of the applied forces. 

- The centrifugal force 𝐹C due to the lateral acceleration 𝑎𝑦 acts as an external force. 

- The front and rear axle are combined to one axle at the plane of the center of gravity. 

- The mass of the vehicle body 𝑚 is concentrated at the center of gravity. 

- The vehicle body is symmetrical to its longitudinal axis. 

Figure 4.1 illustrates the free cut of the vehicle body under consideration of these assumptions. 

To describe the roll behavior of the vehicle body, the principle of angular momentum is set up 

for the roll center. On the one hand, the gravitational force 𝐹G and the centrifugal force 𝐹C affect 

the vehicle body. These two forces are regarded as external input quantities which cannot be 

affected. The gravitational and the centrifugal force act at the center of gravity of the vehicle 

body. They are specified by 

𝐹G = 𝑚𝑔, (4.1) 

𝐹C = 𝑚𝑎𝑦, (4.2) 

Figure 4.1 Roll Model – Free Cut 
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where 𝑚 is the mass of the vehicle body, 𝑔 the acceleration due to gravity and 𝑎𝑦 the lateral 

acceleration. Both forces affect the rolling motion by the lever arm 

ℎGR = ℎG − ℎR, (4.3) 

which defines the distance between the height of the center of gravity ℎG and the height of the 

roll center ℎR. This results in the corresponding torques based on the two forces in dependency 

of the roll angle 𝜑: 

𝑇G,𝜑(𝜑) = ℎGR𝑚𝑔 sin 𝜑, (4.4) 

𝑇Ce(𝜑) = ℎGR𝑚𝑎𝑦 cos 𝜑 . (4.5) 

Besides the two external force influences, the forces of the chassis elements also act on the 

vehicle body. In the present case, these are composed of the spring force 𝐹S, the damper force 

𝐹D and the force resulting from the stabilizer 𝐹St. The latter two are actively influenced by the 

control system, while the spring operates as a passive suspension element. The forces of the 

chassis in relation to the roll motion are accordingly based on 

𝐹D,𝜑,𝑖𝑗(𝜑) = 𝑑𝑖𝑗𝑠D,𝑖�̇� cos 𝜑, (4.6) 

𝐹S,𝜑,𝑖(𝜑) = 𝑐S,𝑖𝑠S,𝑖 sin𝜑 , (4.7) 

𝐹St,𝑖 =
𝑇𝑖

2𝑠St,𝑖
. (4.8) 

Here, 𝑠D,𝑖, 𝑠S,𝑖 and 𝑠St,𝑖 represent the distance from the respective points of force application of 

the damper, the spring and the stabilizer to the center plane of the vehicle. The spring constant 

𝑐S,𝑖 determines the characteristic behavior of the spring. In addition, the damping factor 𝑑𝑖𝑗 and 

the counter roll torque 𝑇𝑖 denote the variables represented by the actuator models, via which the 

roll behavior is systematically controlled. The roll rate is defined by �̇�. The index 𝑖 further in-

dicates which vehicle axle is considered: 

𝑖 ∈ {f, r}. (4.9) 

The index value f indicates the front axle whereas the index value r indicates the rear axle. In 

addition to the index 𝑖, the index 𝑗 indicates which side of the vehicle is involved. The index 

value l denotes the left side of the vehicle and the index value r the right side of the vehicle: 

𝑗 ∈ {l, r}. (4.10) 

The counter roll torque 𝑇𝑖 can be determined by the stabilizer geometry using the stabilizer 

torque 𝑇St,𝑖 

𝑇𝑖 =
𝑎St,𝑖
𝑏St,𝑖

𝑇St,𝑖. (4.11) 
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In this context, 𝑎St,𝑖 denotes the effective length and 𝑏St,𝑖 the lever arm of the stabilizer. Taking 

into account the lever arms of the chassis forces to the roll center, the principle of angular mo-

mentum for the rolling motion of the vehicle body can be set up, which is used to describe the 

roll behavior based on physical knowledge: 

�̈�P(𝑘) =
1

𝐽𝑥𝑥
[ℎGR𝑚𝑎𝑦(𝑘) cos𝜑P(𝑘) + ℎGR𝑚𝑔 sin𝜑P(𝑘) − 𝑇f(𝑘) − 𝑇r(𝑘)

− 2(𝑠S,f
2 𝑐S,f + 𝑠S,r

2 𝑐S,r) sin𝜑P(𝑘)

− ((𝑑fl(𝑘) + 𝑑fr(𝑘))𝑠D,f
2 ) �̇�P(𝑘) cos 𝜑P(𝑘)

− ((𝑑rl(𝑘) + 𝑑rr(𝑘))𝑠D,r
2 ) �̇�P(𝑘) cos𝜑P(𝑘)]. 

(4.12) 

Therefore, the variables describing the roll behavior, the roll acceleration �̈�P, the roll rate �̇�P 

and the roll angle 𝜑P are labeled with the index P. The roll acceleration �̈�P at time 𝑡 = 𝑘 is 

determined by transforming the principle of angular momentum. The calculation is based on 

quantities at 𝑡 = 𝑘. 𝐽𝑥𝑥 denotes the moment of inertia of the vehicle body around the longitudi-

nal axis. Based on the roll acceleration �̈�P(𝑘), the roll rate �̇�P(𝑘 + 1)  and the roll angle 

𝜑P(𝑘 + 1) can be estimated by integration respectively double integration. The explicit Euler 

method is used for the discrete integration, (Butcher, 2016): 

�̇�P(𝑘 + 1) = �̇�P(𝑘) + �̈�P(𝑘)𝑡S, (4.13) 

𝜑P(𝑘 + 1) = 𝜑P(𝑘) + �̇�P(𝑘)𝑡S. (4.14) 

The fixed step size for the physical estimation of the roll behavior is 𝑡S = 0.001 s. The input 

quantities into the physical model regarding the estimation of the roll behavior are listed in 

Table 4.1. 

Table 4.1 Input Quantities Physical Model – Roll Behavior Estimation 

Input Quantity Unit 

Counter Roll Torques 𝑇𝑖  Nm 

Damping Factors 𝑑𝑖𝑗  Ns/m 

Lateral Acceleration 𝑎𝑦 m/s² 

 

4.1.2 Pitch Behavior 

For the physical description of the pitch behavior a non-linear pitch model is set up. Analogous 

to the setup of the non-linear roll model, the vehicle body is cut free to derive the non-linear 

pitch model. In this case, the free cut is done in the 𝑥-𝑧 plane.  
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The following assumptions are made: 

- A quasi-stationary balance of forces acts in the longitudinal direction. 

- The geometry of the chassis does not alter under the impact of the applied forces. 

- The force 𝐹A due to the longitudinal acceleration 𝑎𝑥 acts as an external force. 

- The mass of the vehicle body 𝑚 is concentrated at the center of gravity. 

- The left and right side are front and rear axle are merged in the vehicle center plane. 

The resulting free cut of the vehicle body is shown in Figure 4.2. 

In addition to the gravitational force 𝐹G, the force 𝐹A resulting from the longitudinal accelera-

tion of the vehicle affects the vehicle body as an external influence factor: 

𝐹A = 𝑚𝑎𝑥. (4.15) 

The longitudinal acceleration of the vehicle is given by 𝑎𝑥. The two external forces act via the 

lever arm ℎGP on the pitching motion of the vehicle body. ℎGP denotes the distance between the 

height of the center of gravity ℎG and the height of the pitch center ℎP 

ℎGP = ℎG − ℎP. (4.16) 

Taking into account the lever arm ℎGP, the gravitational and acceleration forces result in de-

pendency of the pitch angle 𝜃 in two corresponding torques 𝑇G,𝜃 and 𝑇A, which influence the 

pitch behavior of the vehicle body: 

𝑇G,𝜃(𝜃) = ℎGP𝑚𝑔 sin 𝜃, (4.17) 

𝑇A(𝜃) = ℎGP𝑚𝑎𝑥 cos 𝜃 . (4.18) 

In addition to the external force influences, the forces resulting from the chassis elements fur-

ther affect the pitching motion of the vehicle body.  

 

Figure 4.2 Pitch Model – Free Cut 
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The damper forces 𝐹D,𝜃,𝑖𝑗 and spring forces 𝐹S,𝜃,𝑖 are formulated as a function of the present 

pitch behavior: 

𝐹D,𝜃,𝑖𝑗(𝜃) = 𝑑𝑖𝑗𝑙D,𝑖�̇� cos 𝜃, (4.19) 

𝐹S,𝜃,𝑖(𝜃) = 𝑐S,𝑖𝑙S,𝑖 sin 𝜃 . (4.20) 

The horizontal distances from the application points of the chassis element forces to the center 

of gravity plane are defined by 𝑙D,𝑖, 𝑙S,𝑖 and 𝑙St,𝑖. As a result the pitch acceleration �̈�P is 

�̈�P(𝑘) =
1

𝐽𝑦𝑦
[ℎGP𝑚𝑎𝑥(𝑘) cos 𝜃P(𝑘) + ℎGP𝑚𝑔 sin 𝜃P(𝑘)

− 2(𝑙S,f
2 𝑐S,f + 𝑙S,r

2 𝑐S,r) sin 𝜃P(𝑘) − 𝑇f(𝑘)
𝑙St,f
𝑠St,f

− 𝑇r(𝑘)
𝑙St,r
 𝑠St,r

− ((𝑑fl(𝑘) + 𝑑fr(𝑘))𝑙D,f
2 ) �̇�P(𝑘) cos 𝜃P(𝑘)

− ((𝑑rl(𝑘) + 𝑑rr(𝑘))𝑙D,r
2 ) �̇�P(𝑘) cos 𝜃P(𝑘)]. 

(4.21) 

By applying the principle of angular momentum to the vehicle body regarding the pitch center, 

the pitch acceleration �̈�P at the time 𝑡 = 𝑘 can be calculated. The moment of inertia around the 

lateral axis is defined as 𝐽𝑦𝑦. Based on this pitch acceleration �̈�P(𝑘), the pitch rate �̇�P(𝑘 + 1) 

and the pitch angle 𝜃P(𝑘 + 1) can be determined by single respectively double integration: 

�̇�P(𝑘 + 1) = �̇�P(𝑘) + �̈�P(𝑘)𝑡S, (4.22)  

𝜃P(𝑘 + 1) = 𝜃P(𝑘) + �̇�P(𝑘)𝑡S. (4.23)  

Analogous to the physical roll estimation, the explicit Euler method is used as the integration 

method. The input quantities used for the physical estimation of the pitch behavior are shown 

in Table 4.2. 

Table 4.2 Input Quantities Physical Model –Pitch Behavior Estimation 

Input Quantity Unit 

Counter Roll Torques 𝑇𝑖  Nm 

Damping Factors 𝑑𝑖𝑗  Ns/m 

Longitudinal Acceleration 𝑎𝑥 m/s² 

 

4.1.3 Side-Slip Angle 

In addition to the roll and pitch behavior, it is further required to estimate the side-slip angle of 

the vehicle. The single-track model provides a physical description of vehicle behavior with 

respect to the side-slip angle, (Schramm et al., 2020, Sieberg et al., 2021b).  
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The following assumptions are made to generate the single-track model: 

- The velocity of the vehicle's center of gravity is considered constant along the longitu-

dinal axis of its trajectory. 

- Longitudinal tire forces are neglected. 

- The trail and the aligning torque due to slip angles are neglected. 

- The mass of the vehicle body 𝑚 is concentrated at the center of gravity. 

- The front and rear tires are merged in the vehicle center plane. 

The single-track model in the 𝑥-𝑦 plane resulting from these assumptions is shown in Figure 

4.3.  

In order to achieve the physical estimation of the side-slip angle 𝛽, Newton’s principle for the 

lateral direction of the vehicle is first established using Figure 4.3:  

𝑚𝑣(�̇� + �̇�) cos 𝛽 = cos 𝛿 𝐹𝑦,f + 𝐹𝑦,r. (4.24) 

Here, �̇� denotes the yaw rate and �̇� the time derivative of the side-slip angle. The steering angle 

at the front axle is represented by 𝛿. The steering angle 𝛿 can be calculated from the steering 

wheel angle 𝛿SW using the steering ratio 𝑖SR. The lateral forces at the front and rear axle are 𝐹𝑦,f 

and 𝐹𝑦,r, respectively. These are the result of the addition of the lateral forces acting on the 

wheels of an axle: 

𝐹𝑦,f = 𝐹𝑦,fl + 𝐹𝑦,fr, (4.25) 

𝐹𝑦,r = 𝐹𝑦,rl + 𝐹𝑦,rr. (4.26) 

Figure 4.3 Single-Track Model 
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The lateral tire forces 𝐹𝑦,𝑖𝑗 can be determined in a simplified way by the relationship between 

the cornering stiffness 𝑐𝛼,𝑖𝑗 and the slip angle 𝛼𝑖𝑗. In the present model the cornering stiffness 

𝑐𝛼,𝑖𝑗 is not constant but depends on the respective wheel load 𝐹𝑧,𝑖𝑗. 

𝐹𝑦,𝑖𝑗 = 𝑐𝛼,𝑖𝑗(𝐹𝑧,𝑖𝑗)𝛼𝑖𝑗 (4.27) 

The relationship between cornering stiffness and wheel load is shown qualitatively in Figure 

4.4. A degressive characteristic is given.  

A semi-empirical approach according to (Pacejka, 2006) is used to map this degressive depend-

ency between cornering stiffness and wheel load. This kind of description expresses the rela-

tionship by means of mathematical equations, which are parameterized with data obtained by 

empirical measurements 

𝑐𝛼,𝑖𝑗 = 𝑐T1𝑐T2𝐹𝑧0,𝑖𝑗 sin (2 arctan (
𝐹𝑧,𝑖𝑗

𝑐T2𝐹𝑧0,𝑖𝑗
)) . (4.28) 

𝐹𝑧0,𝑖𝑗 represents the nominal wheel load, which is determined under static conditions. The pa-

rameters 𝑐T1 and 𝑐T2 result from a parameter optimization, which is done to correspond to the 

existing tire characteristics. The tire characteristics result from the stored tire data in IPG Car-

Maker.  

To determine the cornering stiffness the corresponding wheel load is required. The wheel load 

is composed of a static part, which only depends on the weight distribution, and a variable part. 

The chassis elements affect the variable part of the wheel load, (Sieberg et al., 2021b).  

 

 

Figure 4.4 Relationship between the Cornering Stiffness and the Wheel Load 
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Due to the common reference to lateral dynamics, the forces of the chassis elements are speci-

fied depending on the roll behavior, (4.6) - (4.8): 

𝐹𝑧,fl =
𝑙r

𝑙f + 𝑙r
(0.5𝑚𝑔 − 𝑑fl𝑠D,f �̇�P cos𝜑P − 𝑠S,f𝑐S,f sin𝜑P −

1

2𝑠St,f
𝑇f) , (4.29) 

𝐹𝑧,fr =
𝑙r

𝑙f + 𝑙r
(0.5𝑚𝑔 + 𝑑fr𝑠D,f �̇�P cos𝜑P + 𝑠S,f𝑐S,f sin𝜑P +

1

2𝑠St,f
𝑇f) , (4.30) 

𝐹𝑧,rl =
𝑙f

𝑙f + 𝑙r
(0.5𝑚𝑔 − 𝑑rl𝑠D,r �̇�P cos𝜑P − 𝑠S,r𝑐𝑆,r sin𝜑P −

1

2𝑠St,r
𝑇r) , (4.31) 

𝐹𝑧,rr =
𝑙f

𝑙f + 𝑙r
(0.5𝑚𝑔 + 𝑑rr𝑠D,r �̇�P cos𝜑P + 𝑠S,r𝑐S,r sin 𝜑P +

1

2𝑠St,r
𝑇r) . (4.32) 

Here, 𝑙f and 𝑙r denote the distances between the center of gravity and the front respectively the 

rear axle. Based on (4.29) - (4.32), the cornering stiffness 𝑐𝛼,𝑖𝑗 of the individual wheels can be 

determined. Assuming that the slip angles at one axle are equal, the cornering stiffness of the 

merged tire at the axle can be determined by the addition of the corresponding cornering stiff-

nesses 

𝑐𝛼,f = 𝑐𝛼,fl + 𝑐𝛼,fr, (4.33) 

𝑐𝛼,r = 𝑐𝛼,rl + 𝑐𝛼,rr. (4.34) 

The slip angles at the front and rear axles 𝛼f and 𝛼r can be determined in a simplified way by 

assuming small side-slip and steering angles, (Schramm et al., 2020): 

𝛼f = 𝛿 − 𝛽 − 𝑙f
�̇�

𝑣
, (4.35) 

𝛼r = −𝛽 + 𝑙r
�̇�

𝑣
. (4.36) 

Using the relationship of (4.33) and (4.34) as well as substituting (4.35) and (4.36) in (4.27), 

the time derivative of the side-slip angle �̇�P at time 𝑡 = 𝑘 + 1 can be determined with the aid 

of Newton’s principle for the lateral direction (4.24). The index P consistently indicates the 

underlying estimation based on physical model knowledge. 

�̇�P(𝑘) = (−𝑣(𝑘) −
1

𝑣(𝑘)

𝑐𝛼,f(𝑘) 𝑙f + 𝑐𝛼,r(𝑘) 𝑙r
𝑚

)
�̇�(𝑘)

𝑣(𝑘)

− (
1

𝑣(𝑘)

𝑐𝛼,f(𝑘) + 𝑐𝛼,r(𝑘)

𝑚
)𝛽P(𝑘) + (

1

𝑣(𝑘)

𝑐𝛼,f(𝑘)

𝑚
)𝛿(𝑘) 

(4.37) 

The yaw rate �̇� and the velocity 𝑣 are external input variables and are available due to the ex-

isting sensor equipment. 
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By integrating �̇�P(𝑘) with the explicit Euler method, the side-slip angle 𝛽P(𝑘 + 1) is deter-

mined with 

𝛽P(𝑘 + 1) = 𝛽P(𝑘) + �̇�P(𝑘)𝑡S. (4.38) 

Table 4.3 summarizes the input quantities of the physical estimation model regarding the side-

slip angle. 

Table 4.3 Input Quantities Physical Model –Side-Slip Angle Estimation 

Input Quantity Unit 

Counter Roll Torques 𝑇𝑖  Nm 

Damping Factors 𝑑𝑖𝑗  Ns/m 

Estimated Roll Angle 𝜑P rad 

Estimated Roll Rate �̇�P rad/s 

Steering Angle 𝛿 rad 

Velocity 𝑣 m/s 

Yaw Rate �̇� rad/s 

 

4.2 State Estimation Based on Artificial Neural Networks 

Alongside the approach of theoretical modeling, experimental modeling can be conducted to 

create state estimators. In contrast to theoretical modeling, experimental modeling only repre-

sents the transfer behavior of a system without explicit consideration of physical laws respec-

tively model knowledge. In the course of this thesis, artificial neural networks are used as a 

method of experimental modeling to build the state estimation. 

In order to enable the artificial neural network to map the vehicle dynamic behavior and ac-

complish the task of state estimation, the transfer behavior needs to be trained. The training is 

done in Python using the open source deep learning library Keras, (Gulli and Pal, 2017). The 

data stream oriented framework TensorFlow is used as a backend, (Abadi et al., 2016). The 

driving maneuvers described in Section 3.5 are used as the database. 

The state estimation of the vehicle dynamics variables is a time series dependent modeling task. 

Based on this, recurrent artificial neural networks are used to accomplish the required functions. 

In order to realize these recurrent artificial neural networks, a sequencing of the database is 

required. Depending on a defined lookback 𝜏Ann, a sequence is created for each time step, 

which describes the past course of variables. Thereby, the lookback 𝜏Ann defines the number of 

previous time steps within a sequence. Besides the sequencing, a normalization of the input 
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variables of the artificial neural network is performed. The normalization avoids a varying im-

pact of different orders of magnitude by the input quantities, (Ioffe and Szegedy, 2015). The 

normalization method used is min-max-normalization: 

𝑧𝑖,𝑗,N =
(𝑧𝑖,𝑗 −min(𝒛𝒊)) (𝑏N − 𝑎N)

max(𝒛𝒊) − min(𝒛𝒊)
. (4.39) 

In this process a single value 𝑧𝑖,𝑗 of the input quantity vector 𝒛 is scaled to the value range 

[𝑎N, 𝑏N]: 

𝑧𝑖,𝑗,N ∈ {[𝑎N, 𝑏N]}. (4.40) 

After the training, the artificial neural network is exported and a corresponding MATLAB & 

Simulink model is created. 

In the following, the state estimators based on artificial neural networks are presented. As a 

consistent approach to the physical state estimators, one artificial neural network is created for 

each behavior regarding the vehicle dynamics segments. A hyperparameter optimization is per-

formed initially. Subsequently, the individual artificial neural networks are introduced, which 

have been parameterized with optimal hyperparameters. 

4.2.1 Hyperparameter Optimization 

The optimal hyperparameters for the artificial neural networks are determined by a hyperpa-

rameter optimization. Hyperparameters in general represent the parameters of an artificial neu-

ral network which are not adjusted during training. Nevertheless, hyperparameters affect the 

quality of the artificial neural network and the speed of the training process. 

In the course of this thesis, a sequential model-based global optimization is used for the hy-

perparameter optimization. This approach is part of informed, model-based hyperparameter op-

timization methods. This informed method is significantly superior to uninformed methods like 

grid search or random search, (Bergstra et al., 2011). Within the sequential model-based global 

optimization method, the objective function of the hyperparameter optimization is modeled by 

a probabilistic model. The probabilistic model is built and updated based on previously evalu-

ated hyperparameter configurations as well as all prior available information. An acquisition 

function is used to select the next hyperparameter configuration. This function is employed to 

determine the predictive distribution of the probabilistic model for hyperparameter configura-

tions. The acquisition function is therefore maximized over the search space so that the optimal 

hyperparameter configuration can be determined, (Hutter et al., 2015). 

The hyperparameters that are optimized by the sequential model-based global optimization are 

listed in Table 4.4. These include besides the learning rate, the number of recurrent layers, the 

number of neurons in each recurrent layer and also the lookback of these layers. The hyperpa-

rameters of the number of neurons and the lookback are consistent for all recurrent layers. An 
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additional hyperparameter concerns the regularization. Furthermore, the search space for the 

hyperparameters is listed in Table 4.4. 

Table 4.4 Hyperparameter Optimization Artificial Neural Networks – Search Space 

Parameter Range 

Learning Rate 0.0001 0.1 

Lookback 3 10 

Number of Recurrent Layers 1 4 

Number of Neurons within one 

Recurrent Layer 

Number of Input 

Quantities 
150 

Regularization Dropout, L2, None 

 

In addition to the hyperparameters that are adjusted during optimization, the artificial neural 

network is further characterized by parameters that are fixed. These include the batch size, the 

evaluation metric during training, the number of epochs as well as the composition of the output 

layer. The recurrent layers are realized by long short-term memory layers, (Hochreiter and 

Schmidhuber, 1997). The initialization is done by the Glorot uniform method, (Glorot and 

Bengio, 2010). The optimization during the training is conducted by the Adam algorithm, 

(Kingma and Ba, 2015). These parameters are summarized in Table 4.5. 

Table 4.5 Hyperparameter Optimization Artificial Neural Networks – Fixed Parameters 

Parameter Value 

Batch Size 1024 

Initialization Glorot Uniform 

Metric Mean Absolute Error 

Number of Epochs 50 

Optimizer Training Adam 

Output Layer 
Fully Connected Dense Layer with 

Linear Activation Function 

Type of Recurrent Layers Long Short-Term Memory 

 

The sequential model-based global optimization is realized by the python library Hyperopt, 

(Bergstra et al., 2015). The expected improvement is utilized as the acquisition function, 

(Schonlau et al., 1998). Thereby, the tree-structured parzen estimator is applied. In contrast to 

the Gaussian process, the a priori distribution 𝑝(𝑓HP|𝝀HP) is not set up directly by the tree-

structured parzen estimator but via the likelihood function using 𝑝(𝝀HP|𝑓HP) and 𝑝(𝑓HP) 

𝑝(𝑓HP|𝝀HP) =
𝑝(𝝀HP|𝑓HP)

𝑝(𝝀HP)
𝑝(𝑓HP). (4.41) 
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𝝀HP represents the observed hyperparameter configurations and 𝑓HP their corresponding loss. 

𝑝(𝝀HP|𝑓HP)  is characterized within the tree-structured parzen estimator by the densities 

𝑙HP(𝝀HP) and 𝑔HP(𝝀HP), which cover the configuration space: 

𝑝(𝝀HP|𝑓HP) = {
𝑙HP(𝝀HP)        if 𝑓HP < 𝑓HP

∗

𝑔HP(𝝀HP)       if 𝑓HP ≥ 𝑓HP
∗ . (4.42) 

The density 𝑙HP(𝝀HP) is created by considering hyperparameter configurations 𝝀HP which re-

sult in a loss less than the threshold 𝑓HP
∗ . The density 𝑔HP(𝝀HP) represents the remaining con-

figurations. Within the sequential model-based global optimization the expected improvement 

𝐸𝐼(𝝀HP) of the hyperparameter configurations 𝝀HP is maximized: 

𝐸𝐼(𝝀HP) = ∫ (𝑓HP
∗ − 𝑓HP)

𝑓HP
∗

−∞

𝑝(𝝀HP|𝑓HP)𝑝(𝑓HP)

𝑝(𝝀HP)
𝑑𝑓HP. (4.43) 

To maximize the expected improvement 𝐸𝐼(𝝀HP), hyperparameter configurations 𝝀HP having 

a high probability of belonging to 𝑙HP(𝝀HP) and a low probability of belonging to 𝑔HP(𝝀HP) 

are recommended. The optimization is performed iteratively, whereby the configuration 𝝀HP
∗  

with the highest expected improvement 𝐸𝐼(𝝀HP
∗ ) found in each iteration step is also taken into 

account for the next iteration step. (Bergstra et al., 2011) 

The driving maneuvers presented in Section 3.5 serve as the database for the hyperparameter 

optimization. In order to reduce the time required for optimization, a representative partial data 

set is used. For this purpose, 25 test drives are randomly selected per maneuver. Thus the data-

base for the hyperparameter optimization comprises 150 driving maneuvers, which corresponds 

to about 10 % of the total database. In addition, 60 randomly selected driving maneuvers are 

used as validation data. The quantitative distribution across the individual maneuvers is identi-

cal. The sequential model-based global optimization is executed for 50 iterations. 

In the following, the artificial neural networks are presented, which execute the state estimation 

in the three vehicle dynamics areas of rolling, pitching and self-steering behavior. 

4.2.2 Roll Angle Estimation 

For the estimation of the roll angle, on the one hand the manipulated variables of the vehicle 

dynamics control are used. Thereby, manipulated variables are summarized under consideration 

of their impact on the roll behavior.  
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This results in the total counter-torque 𝑇T as well as the cumulated damping factor on the left 

𝑑l respectively right side 𝑑ri of the vehicle as input variables: 

𝑇T = 𝑇f + 𝑇r, (4.44) 

𝑑l = 𝑑fl + 𝑑rl, (4.45) 

𝑑ri = 𝑑fr + 𝑑rr. (4.46) 

On the other hand, additional sensor signals are used as input variables. These input variables 

are explicitly different from the input variables based on sensor data of the respective physical 

model. This differentiation is made with respect to the mode of operation of hybrid state esti-

mation presented in Section 4.3. The selection is based on expert knowledge. This yields further 

input variables of the steering wheel angle 𝛿SW, the velocity 𝑣 as well as the yaw rate �̇� of the 

vehicle. Table 4.6 provides an overview regarding the input variables. 

Table 4.6 Input Quantities Artificial Neural Network – Roll Angle Estimation 

Input Quantity Unit 

Total Counter Roll Torque 𝑇T Nm 

Cumulated Damping Factors 𝑑𝑗 Ns/m 

Steering Wheel Angle 𝛿SW rad 

Velocity 𝑣 m/s 

Yaw Rate �̇� rad/s 

 

Inside the search space defined in Table 4.4 the hyperparameter optimization is executed for 

the composition of these input variables. This optimization is performed for 50 iterations. To 

evaluate the quality of the hyperparameter optimization, the best found metric is applied, ac-

cording to (Dewancker et al., 2016). This evaluation metric determines the minimum validation 

error of the current iteration and all previous iterations. The minimum validation error can then 

be applied over the iterations and thus across the training process. Within the training of the 

artificial neural network, the validation error equals the mean absolute error 

𝑀𝐴𝐸(𝜑, 𝜑Ann) =
1

𝑛
∑|𝜑(𝑘) − 𝜑Ann(𝑘)|

𝑛

𝑘=1

. (4.47) 

Here 𝜑Ann represents the roll angle estimated by the artificial neural network and 𝜑 indicates 

the ground truth roll angle. Figure 4.5 illustrates the best foundation metric of the mean absolute 

error for the training of the artificial neural network with the objective of roll angle estimation. 

In this context it should be considered that the estimation quantity has been standardized for the 

hyperparameter optimization. 
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The minimum validation error achieved in this hyperparameter optimization occurs in iteration 

20. The hyperparameter configuration present at this epoch is listed in Table 4.7. The optimal 

configuration is based on four recurrent layers with 129 neurons in each layer. The lookback 

within these layers equals eight time steps. No regularization is performed. The learning rate in 

the beginning of the training process is 0.00245. 

Table 4.7 Hyperparameters– Roll Angle Estimation 

Parameter Value 

Learning Rate 0.00245 

Lookback 8 

Number of Recurrent Layers 4 

Number of Neurons within one 

Recurrent Layer 
129 

Regularization None 

 

Based on this hyperparameter configuration the final training is performed. The artificial neural 

network is trained with 70 % of the entire database, which corresponds to 1,056 driving ma-

neuvers, and is validated during the training with 15 % of the database, which corresponds to 

226 driving maneuvers. The remaining 226 driving maneuvers are reserved for testing. The 

number of epochs is 200. During training, the learning rate is reduced if the validation error 

stagnates over several epochs, according to (Wilson and Martinez, 2001). The learning rate is 

reduced by 80 % in such a plateau situation. To avoid an overfitting of the artificial neural 

network, the option to end the training prematurely, thus before the 200 epochs, is selected, 

(Finnoff et al., 1993). This early stopping of the training is done if the validation error does not 

Figure 4.5 Results Sequential Model-Based Optimization – Roll Angle Estimation 
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decrease or even increases over several epochs. Figure 4.6 presents the course of the mean 

absolute error, both for the training and the validation data, over the epochs of the training. 

The blue curve depicts the training error and the red curve represents the validation error. The 

training took place over 83 epochs and was therefore terminated by the option of early stopping 

to avoid overfitting. Both, training and validation errors, are not further reduced significantly 

after epoch 60. The mean absolute error for the training data set in the last epoch is 0.00055 rad 

which corresponds to 0.03151°. For the validation data set, the artificial neural network results 

in a mean absolute error of 0.00060 rad respectively 0.03438°. 

4.2.3 Pitch Angle Estimation 

The artificial neural network for the estimation of the pitch angle utilizes on the one hand input 

variables that represent the manipulated variables. Taking into account the potentials of influ-

ence, corresponding manipulated variables are aggregated analogous to the estimation of the 

roll angle. As a result, the input variables on the basis of the manipulated variables are com-

posed of the counter roll torque acting at the front axle 𝑇f respective rear axle 𝑇r and the damp-

ing factors at the front axle 𝑑f respectively rear axle 𝑑r: 

𝑑f = 𝑑fl + 𝑑fr, (4.48) 

𝑑r = 𝑑rl + 𝑑rr. (4.49) 

Sensor data are used as input variables on the other hand. These input data are composed of the 

velocity of the vehicle 𝑣 and the time derivative of this velocity 
𝑑𝑣

𝑑𝑡
. Analogous to the roll angle 

Figure 4.6 Mean Absolut Errors Artificial Neural Network – Roll Angle Estimation 
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estimation in Section 4.2, these are different from the input sensor data into the physical model. 

Table 4.8 lists the input variables of the artificial neural network for estimating the pitch angle. 

Table 4.8 Input Quantities Artificial Neural Network – Pitch Angle Estimation 

Input Quantity Unit 

Counter Roll Torques 𝑇𝑖  Nm 

Cumulated Damping Factors 𝑑𝑖 Ns/m 

Time Derivative of the Velocity 
𝑑𝑣

𝑑𝑡
 m/s² 

Velocity 𝑣 m/s 

 

For this composition of the input variables, the hyperparameter optimization is performed for 

50 iterations. This optimization is executed in the defined hyperparameter search space. As the 

evaluation criterion for the hyperparameter optimization, the best found metric based on the 

mean absolute error is used analogous to the remarks on the roll angle estimator.  

𝑀𝐴𝐸(𝜃, 𝜃Ann) =
1

𝑛
∑|𝜃(𝑘) − 𝜃Ann(𝑘)|

𝑛

𝑘=1

. (4.50) 

As shown in Figure 4.7, the minimum validation error is plotted over the iterations of the opti-

mization. The output variable, the pitch angle, has been standardized for the hyperparameter 

optimization likewise.  

The minimum validation error is achieved in epoch 21 and equals 0.01163. The artificial neural 

network that generates the minimum validation error is based on two recurrent layers with 115 

Figure 4.7 Results Sequential Model-Based Optimization – Pitch Angle Estimation 
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neurons each and a lookback of eight time steps. Furthermore, the learning rate is 0.00574 and 

no regularization is applied. An overview of the hyperparameters is given in Table 4.9. 

Table 4.9 Hyperparameters– Pitch Angle Estimation 

Parameter Value 

Learning Rate 0.00574 

Lookback 8 

Number of Recurrent Layers 2 

Number of Neurons within one 

Recurrent Layer 
115 

Regularization None 

 

This hyperparameter configuration is then used to train the artificial neural network, which is 

used for pitch angle estimation. Analogous to the training of the roll angle estimator 1,056 

respectively 226 driving maneuvers were used for the training respectively validation within 

the training. Furthermore, the options of reducing the learning rate in case of a stagnating vali-

dation error and stopping the training in case of further stagnation or even an increase were 

used to avoid overfitting. The evaluation metric, the mean absolute error, is plotted over the 

epochs of the training in Figure 4.8 for both the training data and the validation data. 

The training is carried out for 64 epochs before it is terminated to avoid an overfitting. Thereby, 

a mean absolute error of 0.00096 rad is obtained for the training data set, which corresponds to 

0.05500°. In addition, a mean absolute error of 0.00062 rad, which is equivalent to 0.03552°, 

is achieved for the validation data. One possible reason that the validation error is smaller than 
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the training error is due to the random selection of validation maneuvers. The validation data 

set includes mainly driving maneuvers with small longitudinal accelerations respectively de-

celerations, for which the estimation of the pitch angle is facilitated. 

4.2.4 Side-Slip Angle Estimation 

For the estimation of the side-slip angle, the manipulated variables likewise serve as input var-

iables for the artificial neural network. These consist of the counter roll torques at the front 𝑇f 

respectively rear axle 𝑇r as well as the damping factors at the front left 𝑑fl, front right 𝑑fr, rear 

left 𝑑rl and rear right 𝑑rr. As with the other artificial neural networks, the further sensory input 

quantities differ from the sensor input data of the physical model for the estimation of the side-

slip angle. For the present artificial neural network, the average wheel speed �̅�V is used in ad-

dition to the lateral acceleration 𝑎𝑦: 

�̅�V =
1

4
 (𝑛W,fl + 𝑛W,fr + 𝑛W,rl + 𝑛W,rr). (4.51) 

An overview of the input variables for the side-slip angle estimation is provided in Table 4.10. 

Table 4.10 Input Quantities Artificial Neural Network – Side-Slip Angle Estimation 

Input Quantity Unit 

Counter Roll Torques 𝑇𝑖  Nm 

Damping Factors 𝑑𝑖𝑗  Ns/m 

Lateral Acceleration 𝑎𝑦 m/s² 

Average Wheel Speed �̅�V 1/s 

 

With this setup the hyperparameter optimization is performed. The number of optimization it-

erations is consistently set to 50. Figure 4.9 shows the minimum validation error over the epochs 

using the best found metric. Analogous to the previous sequential model-based global optimi-

zations, the output quantity is standardized for the hyperparameter optimization. 

𝑀𝐴𝐸(𝛽, 𝛽Ann) =
1

𝑛
∑|𝛽(𝑘) − 𝛽Ann(𝑘)|

𝑛

𝑘=1

. (4.52) 

The minimum validation error during hyperparameter optimization is achieved with a mean 

absolute error of 0.00947 in iteration 49. The artificial neural network constructed in this itera-

tion is based on one recurrent layer with 103 neurons and a lookback of eight time steps.  
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The learning rate of the training within this iteration equals 0.01204. Furthermore no regulari-

zation is used. Table 4.11 summarizes the results of the hyperparameter optimization. 

Table 4.11 Hyperparameters– Side-Slip Angle Estimation 

Parameter Value 

Learning Rate 0.01204 

Lookback 8 

Number of Recurrent Layers 1 

Number of Neurons within one 

Recurrent Layer 
103 

Regularization None 

 

The training of the artificial neural network is performed with the hyperparameters resulting 

from this optimization. The database consists of 1,056 maneuvers for training and 226 maneu-

vers for validation. Furthermore, the already presented options of learning rate reduction on a 

plateau and of the early stopping are used. Thus overfitting can be avoided. The maximum 

number of training epochs is defined as 200. Figure 4.10 visualizes the mean absolute errors 

for the training data set and the validation data set. 

The training of the artificial neural network is performed up to epoch 133 until it is terminated 

by the early stopping option. A minimum training error of 0.00173 rad or 0.09912° as well as 

a minimum validation error of 0.00195 rad or 0.11173° are achieved. 

 

Figure 4.9 Results Sequential Model-Based Optimization – Side-Slip Angle Estimation 
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4.3 State Estimation Based on Hybrid Method 

Within the hybrid method of state estimation, the physical models presented in Section 4.1 are 

merged with the artificial neural networks introduced in Section 4.2. (Sieberg et al., 2021a) 

present a first successful proof of concept of this hybrid method. In a first step the underlying 

structure of the hybrid method is presented. The determination of the confidence level is intro-

duced, which indicates the degree of confidence in the different types of model. The conversion 

of the confidence level and thus the targeted fusion of the two estimator models is done by a 

Kalman filter. Finally, the hybrid method is validated against the physical models and the arti-

ficial neural networks in an open-loop operating mode. 

4.3.1 Structure 

The functional principle of the hybrid method can be divided into three parts. In a first step, the 

estimation of the vehicle dynamic state 𝑦Ann is conducted by the artificial neural network. In a 

parallel step the input data of the artificial neural network are used to determine the confidence 

level 𝜏HSE. In a third step, the state estimated by the artificial neural network 𝑦Ann is merged 

and safeguarded with the states from the physical model, taking into account the confidence 

level 𝜏HSE. The combination is done by an unscented Kalman filter, which takes into account 

the non-linearities of the physical model. This results finally in an estimated vehicle dynamics 

state vector 𝒙Est  derived from the hybrid state estimations. This state vector 𝒙Est  is then 

forwarded to the predictive control. The structure of the hybrid method is shown in Figure 4.11. 
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The manipulated variables of the actuators 𝒖R are used for both, the state estimators based on 

the artificial neural networks and the ones based on the physical models. In addition sensor 

signals are used. An important detail is that the sensor-based input data of the artificial neural 

networks 𝒔V,Ann and of the physical models 𝒔V,P are different. Due to this design, redundancies 

are created within the method, which enable a safe operation of the hybrid state estimation 

containing the artifcial neural network. In total three hybrid state estimators are thus 

constructed, one for each estimation target. 

4.3.2 Adjustment of the Confidence Level 

The most important characteristic of the hybrid method for state estimation is the confidence 

level 𝜏HSE. On the basis of this indicator it is decided which model is more or even completely 

trusted. Thus, especially the artificial neural network can be secured. In the following, the 

method for determining the confidence level 𝜏HSE is presented. 

The main objective of the hybrid method is to secure an artificial neural network. Due to the 

black-box character of such a data-driven model, the internal interactions of these type of mod-

els cannot be fully comprehended. Therefore, these type of models are very difficult to secure 

in a holistic way. To determine the confidence level 𝜏HSE, the input data into the artificial neural 

network are processed. 

Basically, the method relates the input data into the artificial neural network to the data used 

during the training. The more often the input data have been evaluated during training, the 

Figure 4.11 Hybrid State Estimation – Structure 
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greater the confidence level. More data correlate with an expected improvement in the quality 

of the artificial neural network, (Foody and Arora, 1997, Halevy et al., 2009, Sun et al., 2017). 

The composition of the input data for the individual time steps is deliberately taken into account, 

as they are interdependent and correlated. Only altogether the single input quantities are able to 

describe the dynamics at a certain time step. 

In order to determine the confidence level, the data used during the training is processed prior 

to using the hybrid method. An input space is created from this training data. This input space 

is therefore invariable during the application of the hybrid method. The input space is 𝑛I-di-

mensional, since the input data into the artificial neural network consists of 𝑛I individual input 

quantities. The input space is further divided into 𝑘G segments for each input variable, whereby 

the entire range of each input quantity is covered. This finally results in a grid structure with 

𝑘G
𝑛I individual cells. 

Subsequently, the data of the training are classified into this grid structure according to their 

values. Consequently, the more points are in a cell, the more often this area regarding vehicle 

dynamics has been considered in the training. 𝑝𝑘 describes the number of data within one cell. 

Here, the latest input data into the artificial neural network are classified into the grid structure. 

The confidence level 𝜏HSE is derived from the ratio between the number of data in a specific 

cell 𝑝𝑘 and the characteristic value 𝑝max 

𝜏HSE =
𝑝𝑘
𝑝max

 . (4.53) 

The characteristic value 𝑝max is used for scaling and determines the threshold value at which 

the artificial neural network is completely trusted. Within this thesis 𝑝max is set to the maximum 

number of data within one cell of the input space grid structure. By this choice of the charac-

teristic value, the confidence level is automatically scaled between zero and one: 

0 ≤ 𝜏HSE ≤ 1 . (4.54) 

Whereas a confidence level of 𝜏HSE = 0 causes the hybrid state estimator to be entirely based 

on the physical model, a confidence level of 𝜏HSE = 1 leads to complete confidence in the arti-

ficial neural network. Thus input data into the artificial neural network, which could result in 

unpredictable and thus invalid outputs, are detected and handled by the hybrid method. These 

input data include, for example, value ranges that have not been acquired during the training, 

as well as incorrect sensor signals, which may occur in case of sensor malfunctions respectively 

failures.  

As a result of this methodology, unknown vehicle dynamics states that have not been used 

during training of the artificial neural network or incorrect sensor signals are detected and han-

dled by the hybrid method. Due to the redundancy in the sensor input variables of the artificial 

neural network and of the physical model, even complete sensor failures can be compensated. 

In case of a sensor failure with respect to the physical estimations, the confidence level is set to 
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𝜏HSE = 1. In general, however, the hybrid method mainly focuses on safeguarding the artificial 

neural network. 

In the following, the three individual input spaces are briefly introduced regarding the estima-

tion segments of rolling, pitching and the side-slip angle. 

Roll Behavior 

The input space, which is set up for the roll behavior, is based on six input variables. This results 

in a six-dimensional grid structure. In addition, the data based on the training input variables 

are divided into 𝑘G = 19 sections. The size of the partition represents a compromise between 

the level of detail of the individual cells and the size of the grid structure for the entire input 

space. In total, the size of the grid structure for the input space of the roll behavior equals 

𝑘G
𝑛I  =  196. 

Figure 4.12 provides an insight into the composition of the grid structure of the input space for 

the roll behavior. For this purpose, the partitioning of three input variables of the artificial neural 

network is shown as an example. This is done using histograms for the individual input varia-

bles. In addition, a three-dimensional distribution for this composition of the input variables is 

outlined, which shows the interrelated distribution of the data. Due to the dimensionality of the 

entire input space, this excerpt of the input space is used as an example. 

In this excerpt, the input variables of the total counter roll torque 𝑇T, the cumulated damping 

factor on the left side of the vehicle 𝑑l and the steering wheel angle 𝛿SW are visualized. In total 

2,316,828 data points are located in the input space for each input quantity. 

Figure 4.12 Confidence Level Determination Roll Behavior – Top Left: Input Distribution 

Total Counter Roll Torque; Top Right: Input Distribution Cumulated Damping Factor Left; 

Bottom Left: Input Distribution Steering Wheel Angle; Bottom Right: Interrelated 3D-Input 
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For the input variables of the total counter roll torque 𝑇T as well as the steering wheel angle 

𝛿SW, a point symmetry to zero is evident by the histograms illustrated in the top left respectively 

in the bottom left part of Figure 4.12. Small deviations in the symmetry, especially for larger 

absolute values of the two input variables, result from the selection of driving maneuvers for 

training, which occurred randomly and covers 70 % of the entire database. The greatest amounts 

of data for these two input variables cover the range around zero. The maximum number of data 

points within a segment for the total counter roll torque 𝑇T equals 5.8545 ∙ 105. With the se-

lected segmentation there is a maximum number of 7.0519 ∙ 105 data points for the steering 

wheel angle 𝛿SW. The third input variable of the shown excerpt represents the data distribution 

of the cumulated damping factor on the left side of the vehicle. This is shown in the top right 

part of Figure 4.12. The histogram shows that the majority of the data is located close to the 

minimum cumulated damping factor 𝑑l,min. The maximum number of data points within one 

segment across the entire input space is 1.3775 ∙ 106 for the cumulated damping factor of the 

left side of the vehicle 𝑑l. Thus for this input variable there are about two times more data points 

in the segment with the maximum data points than for the other two input variables illustrated. 

In the bottom right part of Figure 4.12 the interrelated overview of these three exemplary input 

variables is visualized. Depending on the number of data points present, the ranges in which 

data points are present are displayed. Whereas a blue coloring represents a small number of 

data points, the color red is equivalent to the maximum number of data points. By this kind of 

representation the data coverage of the input space is evident. 

Pitch Behavior 

In total the input space of the hybrid state estimation for the pitch behavior has the dimension 

𝑘G
𝑛I = 196, since for the estimation of the artificial neural network altogether six input variables 

are used. In order to provide an overview of the input space of the hybrid state estimation with 

respect to the pitch behavior, an extract of the input variables is analyzed analogous to the roll 

behavior.  

The input variables of the counter roll torque at the front axle 𝑇f, the cumulated damping factor 

at the rear axle 𝑑r and the velocity of the vehicle 𝑣 are considered. For this purpose, the data 

distributions in relation to these input variables are processed via histograms representing the 

segmentation into 𝑘G = 19 sections. Figure 4.13 provides an overview of these data distribu-

tions. 

The counter roll torque at the front axle 𝑇f, which is shown in the upper left part, exhibits an 

approximately symmetrical data distribution to zero. The maximum amount of data available 

within one segment corresponds to 8.0295 ∙ 105 and represents a counter roll torque close to 

zero. The data distribution of the velocity of the vehicle 𝑣 over the entire velocity range is ba-

sically uniform, at the same time showing an accumulation of data at certain velocity intervals.  



84 4 Hybrid State Estimation 

 

This distribution is illustrated in the bottom left part of Figure 4.13. These accumulations rep-

resent the defined velocities at which the driving maneuvers have been performed, according 

to Section 3.5. The third input variable from this extract, the cumulated damping value acting 

on the rear axle 𝑑r, features a positive skewed data distribution as shown in the upper right part. 

The maximum number of data points in one segment equals 1.4239 ∙ 106 close to the minimum 

cumulated damping factor acting at the rear axle 𝑑r,min. In the bottom right part of Figure 4.13 

the interrelated input space is visualized for these three input variables. Thereby, the accumu-

lations of the data points in single velocity ranges can be identified in the case of a small cumu-

lated damping factor and counter roll torques close to zero. 

Side-Slip Behavior 

The artificial neural network for estimating the side-slip angle features eight input variables. 

The segmentation of the input data is done in analogy to the two already presented input spaces 

for 𝑘G = 19 sections. This results in an input space grid structure of 𝑘G
𝑛I = 198 cells. 

In the following an extract of the entire data distribution is presented in detail for three input 

variables. The input variables of the counter roll torque at the rear axle 𝑇r, the damping factor 

at the front left suspension 𝑑fl and the lateral acceleration 𝑎𝑦 of the vehicle are considered for 

this visualization. The corresponding data distributions are displayed in Figure 4.14. 

Both the data distribution of the counter roll torque acting at the rear axel 𝑇r and the data dis-

tribution of the lateral acceleration 𝑎𝑦, which are displayed in the top left part respectively bot-

tom left part, are approximately symmetrical to zero. 

Figure 4.13 Confidence Level Determination Pitch Behavior – Top Left: Input Distribution 

Counter Roll Torque Front; Top Right: Input Distribution Cumulated Damping Factor Rear; 

Bottom Left: Input Distribution Velocity; Bottom Right: Interrelated 3D-Input Space 
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The sectors with the most data points are accordingly the sectors around zero. In these sectors, 

0.8159 ∙ 106  data points are allocated for the counter roll torque 𝑇r  and 0.6322 ∙ 106  data 

points for the lateral acceleration 𝑎𝑦. The damping factor 𝑑fl illustrated in the top right part of 

Figure 4.14 has a positive skewed data distribution as already evident in the cumulated damping 

factors. The segments with the most data points feature a total of 1.6325 ∙ 106 data points. The 

interrelated data distribution with respect to these three selected input variables is shown in the 

bottom right part.  

4.3.3 Combination of the Artificial Neural Networks and the Physical Estimators 

The third part of the hybrid state estimation is the combination of the respective artificial neural 

network with the corresponding physical model. Depending on the confidence level 𝜏HSE, the 

particular model is trusted more or even entirely. A Kalman filter is used to merge the models. 

Due to the non-linearities in the physical models, an unscented Kalman filter is used for the 

implementation. In the following, the mode of operation of the unscented Kalman filter is 

briefly introduced, which has been modified with respect to the hybrid method. The basic mode 

of operation is according to (Julier and Uhlmann, 1997, Wan and Van Der Merwe, 2000). 

Within the unscented Kalman filter the non-linearities of the physical models are considered by 

using an unscented transformation, (Julier, 2002). In this unscented transformation the state 

variables of the physical model 𝒙 are represented by a probability distribution. This is achieved 

by means of 2𝐿 + 1 sigma points 𝚾 around the mean value �̂�. Thereby, 𝑷 quantifies the covar-

iance of the state variables 𝒙. 

Figure 4.14 Confidence Level Determination Side-Slip Behavior – Top Left: Input Distribu-

tion Counter Roll Torque Rear; Top Right: Input Distribution Damping Factor Front Left; 

Bottom Left: Input Distribution Lateral Acceleration; Bottom Right: Interrelated 3D-Input 
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(𝚾(𝑘))
0
= �̂�(𝑘) (4.55) 

(𝜲(𝑘))
𝑙
= 𝒙(𝑘) + (√(𝐿 + 𝜆)𝑷(𝑘)

2
) , 𝑙 = 1…𝐿 (4.56) 

(𝜲(𝑘))
𝑙+𝐿

= �̂�(𝑘) − (√(𝐿 + 𝜆)𝑷(𝑘)
2

) , 𝑙 = 1…𝐿 (4.57) 

The index 𝑙 indicates the respective column of 𝚾. 𝜆 represents a scaling parameter for the cal-

culation of the sigma points 𝚾. It is calculated under consideration of the parameters 𝛼K and 𝜅, 

which determine the spreading of the sigma points around the mean value �̂�: 

𝜆 = 𝛼K
2(𝐿 + 𝜅) − 𝐿. (4.58) 

Table 4.12 presents the assignment of the physical models in form of the state variables 𝒙.  

Table 4.12 Unscented Kalman Filters – Allocation of the Physical models 

Estimation Targets State 𝒙 Units 

Roll Behavior 
Roll Angle 𝜑P 

Roll Rate �̇�P 

rad 

rad/s 

Pitch Behavior 
Pitch Angle 𝜃P 

Pitch Rate �̇�P 

rad 

rad/s 

Side-Slip Behavior Side-Slip Angle 𝛽P rad 

 

The states for the description of the roll behavior are the roll angle 𝜑P and the roll rate �̇�P of 

the physical model. In order to characterize the pitch behavior the states of the pitch angle 𝜃P 

and the pitch rate �̇�P are used. The state for the side-slip behavior equals the side-slip angle 𝛽P 

resulting from the physical model.  

Based on the sigma points of the state variable (𝜲(𝑘))
𝑙
 at the time 𝑘, the transition function 𝑓I 

is used to determine the sigma points of the state variable (𝚾(𝑘 + 1))
𝑙
 at the time 𝑘 + 1. 

(𝚾(𝑘 + 1))
𝑙
= 𝑓I ((𝜲(𝑘))𝑙, 𝒖HSE

(𝑘)) , 𝑙 = 0…2𝐿 (4.59) 

This calculation is done by additionally using the input variables 𝒖HSE into the physical model. 

These consist of the manipulated variables 𝒖R as well as the redundant sensor input variables 

𝒔V,P: 

𝒖HSE(𝑘) = (𝒖R(𝑘), 𝒔V,P(𝑘))
T

. (4.60) 

The transition functions 𝑓I correspond to the calculation rules for the physical models presented 

in Section 4.1. 
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Using the sigma points (𝚾(𝑘 + 1))
𝑙
, the a priori state estimation �̂�−(𝑘 + 1) is calculated with 

�̂�−(𝑘 + 1) =∑𝑊𝑙
(𝑚)

2𝐿

𝑙=0

(𝚾(𝑘 + 1))
𝑙
. (4.61) 

𝑊𝑙
(𝑚)

 represents the weightings corresponding to the sigma points (𝚾(𝑘 + 1))
𝑙
. 

𝑊0
(𝑚) =

𝜆

(𝐿 + 𝜆)
 (4.62) 

𝑊𝑙
(𝑚)

=
𝜆

2(𝐿 + 𝜆)
, 𝑙 = 1…2𝐿 (4.63) 

The a priori covariance 𝑷−(𝑘 + 1) related to the a priori state estimation �̂�−(𝑘 + 1) is calcu-

lated by  

𝑷−(𝑘 + 1) =∑𝑊𝑙
(𝑐)

2𝐿

𝑙=0

[(𝚾(𝑘 + 1))
𝑙
− �̂�−(𝑘 + 1)] [(𝚾(𝑘 + 1))

𝑙
− �̂�−(𝑘 + 1)]

𝑇

+ 𝑸HSE(𝑘 + 1). 

(4.64) 

using the weightings 𝑊𝑙
(𝑐)

 

𝑊0
(𝑐) =

𝜆

(𝐿 + 𝜆)
+ 1 − 𝛼K

2 + 𝛽U and (4.65) 

𝑊𝑙
(𝑐) =

𝜆

2(𝐿 + 𝜆)
, 𝑙 = 1…2𝐿. (4.66) 

Thereby 𝛽U  is used to specify the distribution of 𝒙. 

Additionally, the covariance 𝑸HSE(𝑘 + 1) is considered, which usually describes the process 

noise. In the context of this thesis, though, this covariance 𝑸HSE(𝑘 + 1) is used to apply the 

confidence level 𝜏HSE(𝑘 + 1). (4.55) to (4.66) constitute the prediction step of the unscented 

Kalman filter.  

In the subsequent correction step, the a posteriori state �̂�(𝑘 + 1) is determined by 

�̂�(𝑘 + 1) = 𝒙−(𝑘 + 1) + 𝑲(𝑘 + 1)(𝑦Ann(𝑘 + 1) − �̂�
−(𝑘 + 1)). (4.67) 

𝑲(𝑘 + 1) represents the Kalman gain and �̂�−(𝑘 + 1) indicates a predicted measurement and 

thus the mean value of the sigma points (𝚼(𝑘 + 1))
𝑙
. These sigma points are determined by 

transforming the sigma points (𝜲(𝑘 + 1))
𝑙
 by the output function 𝑓O. 

(𝚼(𝑘 + 1))
𝑙
= 𝑓O ((𝜲(𝑘 + 1))𝑙) , 𝑙 = 0…2𝐿 (4.68) 

�̂�−(𝑘 + 1) =∑𝑊𝑙
(𝑚)

2𝐿

𝑙=0

(𝚼(𝑘 + 1))
𝑙
 (4.69) 
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The quantity 𝑦Ann(𝑘 + 1), which normally represents the measured quantity, contains the state 

variable predicted by the artificial neural network. For the roll behavior this quantity equals the 

roll angle 𝜑Ann, for the pitch behavior the pitch angle 𝜃Ann and for the side-slip behavior the 

side-slip angle 𝛽Ann. Table 4.13 provides an overview of the values for the three areas. 

Table 4.13 Unscented Kalman Filters – Virtual Measurements 

Estimation Targets Virtual Measurements 𝒚𝐀𝐧𝐧 Units 

Roll Behavior Roll Angle 𝜑Ann rad 

Pitch Behavior Pitch Angle 𝜃Ann rad 

Side-Slip Behavior Side-Slip Angle 𝛽Ann rad 

 

For the calculation of the Kalman gain 𝑲(𝑘 + 1) the covariance of the predicted measurement 

𝑃�̂�(𝑘+1)�̂�(𝑘+1) as well as the cross correlation covariance 𝑷�̂�(𝑘+1)�̂�(𝑘+1) are processed: 

𝑲(𝑘 + 1) = 𝑷�̂�(𝑘+1)�̂�(𝑘+1)𝑃�̂�(𝑘+1)�̂�(𝑘+1)
−1 . (4.70) 

For the calculation of the covariance 𝑃�̂�(𝑘+1)�̂�(𝑘+1) of the predicted measurement �̂�−(𝑘 + 1), 

the covariance 𝑅HSE(𝑘 + 1) is additionally employed, which usually characterizes the meas-

urement noise. 

In the context of this thesis, the covariance is used analogous to the covariance 𝑸HSE(𝑘 + 1) 

for the realization of the confidence level 𝜏HSE(𝑘 + 1): 

𝑃�̂�(𝑘+1)�̂�(𝑘+1) =∑𝑊𝑙
(𝑐)

2𝐿

𝑙=0

[(𝚼(𝑘 + 1))
𝑙

− �̂�−(𝑘 + 1)] [(𝚼(𝑘 + 1))
𝑙
− �̂�−(𝑘 + 1)]

T

+ 𝑅HSE(𝑘 + 1), 

(4.71) 

𝑷�̂�(𝑘+1)�̂�(𝑘+1) =∑𝑊𝑙
(𝑐)

2𝐿

𝑙=0

[(𝚾(𝑘 + 1))
𝑙

− �̂�−(𝑘 + 1)] [(𝚼(𝑘 + 1))
𝑙
− �̂�−(𝑘 + 1)]

T

. 

(4.72) 

In the last part of the correction step the covariance 𝑷(𝑘 + 1) of the a posteriori state �̂�(𝑘 + 1) 

is determined by 

𝑷(𝑘 + 1) = 𝑷−(𝑘 + 1) − 𝑲(𝑘 + 1)𝑃�̂�(𝑘+1)�̂�(𝑘+1)𝑲
𝑻(𝑘 + 1). (4.73) 

The process of prediction (4.55) – (4.66) as well as correction (4.67) – (4.73) is performed in 

each time step. 

The output quantities of the hybrid state estimation 𝒙Est are composed by the respective a pos-

teriori states �̂� predicted by the unscented Kalman filters. Table 4.14 lists these output quanti-

ties. 
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Table 4.14 Unscented Kalman Filters – Outputs 

Estimation Targets Predicted States 𝒙 Units 

Roll Behavior 
Roll Angle 𝜑Est 

Roll Rate �̇�Est 

rad 

rad/s 

Pitch Behavior 
Pitch Angle 𝜃Est 

Pitch Rate �̇�Est 

rad 

rad/s 

Self-Steering Behavior Side-Slip Angle 𝛽Est rad 

 

In the following, the method for applying the confidence level is presented. For this application, 

the covariances 𝑸HSE and 𝑅HSE are defined as a function of the confidence level: 

𝑸HSE(𝑘 + 1) = 𝜏HSE(𝑘 + 1)𝑸N, (4.74) 

𝑅HSE(𝑘 + 1) = (1 − 𝜏HSE(𝑘 + 1))𝑅N. (4.75) 

𝑸N and 𝑅N represent the fixed neutral covariance of the transition respectively the measure-

ment. These neutral covariances are invariant and defined before the hybrid method is applied. 

By integrating the confidence level 𝜏HSE into the covariances 𝑸HSE and 𝑅HSE, the combination 

of the artificial neural network with the physical model is performed as intended. For this pur-

pose the boundary conditions of the confidence level 𝜏HSE are considered and the resulting ef-

fects on the outputs of the hybrid state estimator 𝒙Est are investigated for the defined setup. 

First the boundary condition is considered, where the confidence level approaches zero. If the 

confidence level approaches zero, the consequence is that the covariance of the transition 𝑸HSE 

also approaches zero. In this case the covariance of the measurement 𝑅HSE corresponds to the 

neutral covariance 𝑅N: 

lim
𝜏(𝑘+1)→0

�̂�(𝑘 + 1) = lim
𝑸HSE(𝑘+1)→0

�̂�(𝑘 + 1) = �̂�−(𝑘 + 1). (4.76) 

The result is that the a posteriori state �̂�(𝑘 + 1) is completely based on the predicted a priori 

state �̂�−(𝑘 + 1). This prediction is hereby completely based on the physical model. Thus, with 

a confidence level of 𝜏HSE = 0, the hybrid state estimation entirely trusts the physical model. 

The opposite boundary condition to be considered occurs when the confidence level is ap-

proaching one. In this case the covariance of the transition 𝑸HSE corresponds to the neutral 

covariance 𝑸N and the covariance of the measurement 𝑅HSE is approaching zero: 

lim
𝜏(𝑘+1)→1

𝒙(𝑘 + 1) = lim
𝑅HSE(𝑘+1)→0

�̂�(𝑘 + 1) = 𝑓O
−1(𝑦Ann(𝑘 + 1)). (4.77) 

As a result, the a posteriori state �̂�(𝑘 + 1) of the unscented Kalman filter is completely based 

on the quantity 𝑦Ann(𝑘 + 1). This quantity corresponds to the state variable predicted by the 

artificial neural network. With a confidence level of 𝜏HSE = 1, the artificial neural network is 

entirely trusted by the hybrid state estimation. 



90 4 Hybrid State Estimation 

 

4.3.4 Open-Loop Validation 

For the first evaluation of the functionality of the hybrid method for state estimation, the input 

data into the artificial neural network are manipulated. This results in unpredictable estimated 

output variables 𝒚Ann of the artificial neural networks. To verify the behavior of the state esti-

mators, different driving maneuvers are used from the test data set of the driving scenarios, 

according to Section 3.5. 

The manipulation of the input data into the neural network is done by means of the sensory 

input quantities 𝒔V,Ann. Only one sensor signal is deliberately manipulated at a time in order to 

keep the detection difficulty for the hybrid method at a maximum. The manipulation is done by 

a drift respectively an offset in the sensor signal as well as the complete failure of one sensor. 

This results in three different test scenarios in the open loop validation which will be presented 

and investigated in the following. 

Sensor Drift 

A possibility of manipulating the input data into the artificial neural network is represented by 

a drift in one input signal. A drift in a sensor signal implies a challenging task in the detection 

of the malfunction itself, (Goebel and Yan, 2008).  

In the present case the hybrid method for the application of the pitch behavior estimation is 

considered. The driving maneuver, in which the sensor error is applied, involves a braking in a 

turn. At the beginning of the driving maneuver, a left turn of 100 m radius is passed with a 

velocity of 100 km/h. There is no lateral road gradient present in this test maneuver. The braking 

is done with a deceleration of 4.5 m/s. Table 4.15 lists the parameters of this test driving ma-

neuver. 

Table 4.15 Hybrid State Estimation Open-Loop Validation – Driving Maneuver Sensor Drift 

Driving Maneuver Parameter Values Unit 

Braking in a Turn 

Cornering Radius 100 m 

Lateral Road Gradient 0 % 

Longitudinal Deceleration 4.5 m/s² 

Steering Direction Counterclockwise - 

Velocity 100 km/h 

 

The drift in the input data is included in the signal of the time derivative of the vehicle velocity 

𝑑𝑣

𝑑𝑡
. Starting from the tenth second of the driving maneuver, the derivative of the velocity is 

continuously distorted by -1m/s² per second. The resulting progression of the input variable is 

shown in the top part of Figure 4.15. The drift superimposes the original deceleration within 

the driving maneuver, which starts at the time of second 13. 
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To investigate how the state estimators perform in this situation, the estimated states are plotted 

over time in the bottom part of Figure 4.15. A red dotted line represents the ground truth pitch 

angle 𝜃Meas. The pitch angle 𝜃P based on the physical model is represented by a solid green 

line. The fine dashed blue line indicates the pitch angle 𝜃Ann resulting from the artificial neural 

network. Besides, the pitch angle 𝜃Est of the hybrid method is visualized by a dashed black line. 

The drift in the input variable of the artificial neural network also leads to a drift in the output 

variable estimated by the artificial neural network 𝜃Ann. This drift in the estimated pitch angle 

𝜃Ann turns into strong oscillations from second 18.35 on. The results of the artificial neural 

network are no longer valid for this malfunction. 

By using the hybrid method the malfunction is detected and can be handled. To illustrate the 

desired function, the confidence level 𝜏HSE  is visualized in the middle part of Figure 4.15. 

Whereas the confidence level is high at the beginning of the driving maneuvers until the drift 

occurs, it decreases rapidly once the input variable is manipulated. The manipulation is thus 

detected by the hybrid method, which leads to a drop in the confidence level.  

In order to obtain a detailed insight into the behavior of the state estimators, the deviations of 

the estimated pitch angle from the ground truth pitch angle are determined. 

∆𝜃𝑖 = 𝜃Meas − 𝜃𝑖 , 𝑖 𝜖 {Ann, Est, P} (4.78) 

The deviations are displayed in Figure 4.16. 

Figure 4.15 Hybrid State Estimation Open-Loop Validation – Reliability Sensor Drift: Top: 

Time Derivate of the Vehicle Velocity; Middle: Confidence Level; Bottom: Pitch Angle 
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The coloring of the lines is consistent with the coloring used in the bottom part of Figure 4.15. 

By observing the deviations it is possible to highlight the drift in the output signal of the artifi-

cial neural network. Before the input signal is manipulated, meaning before second ten, the 

hybrid method 𝜃Est relies strongly on the estimation of the artificial neural network 𝜃Ann. As 

soon as the drift is detected by the confidence level, the estimation 𝜃Est shifts towards estima-

tion of the physical model 𝜃P . From second 10.32 on, when the confidence level reaches 

𝜏HSE =  0, the hybrid method trusts the physical model completely. Thus the state 𝜃Ann, which 

is incorrect due to the drift, is not considered in the output of the hybrid method 𝜃Est. Further-

more, the critical oscillations in the estimation of the artificial neural network do not affect the 

estimation of the hybrid method. A valid estimation is available over the whole period of time 

by applying the hybrid method. 

Sensor Offset 

A further possibility to manipulate the input data in the artificial neural network is to introduce 

an offset into the sensor signal. An offset represents a constantly added deviation, (Isermann, 

2011). 

The impact exerted by the sensor error of an offset is exemplarily evaluated using the hybrid 

method of state estimation for the application case of the roll behavior. A steady-state circular 

drive is considered as the driving maneuver. The test vehicle passes a right turn with a radius 

of 100 m. The velocity of the vehicle equals 90 km/h. There is no lateral road gradient present. 

Table 4.16 provides a summary of this driving maneuver. 

 

Figure 4.16 Hybrid State Estimation Open-Loop Validation – Reliability Sensor Drift: Pitch 

Angle Deviations 

∆
𝜃
 i
n
 r
ad

 

5 10 15 20 

Time in s 

-0.3 

-0.2 

-0.1 

0 

0.1 

0.2 

0.3 

0.4 

l 
∆𝜃Est ∆𝜃Ann ∆𝜃P 



4.3 State Estimation Based on Hybrid Method 93 

 

Table 4.16 Hybrid State Estimation Open-Loop Validation – Driving Maneuver Sensor Offset 

Driving Maneuver Parameter Values Unit 

Steady-State Circular 

Drive 

Cornering Radius 100 m 

Lateral Road Gradient 0 % 

Steering Direction Clockwise - 

Velocity 90 km/h 

 

The steering wheel angle 𝛿SW serves as the input variable into the artificial neural network 

which is manipulated. In a period of 20 to 25 seconds a positive offset of 65° is implemented. 

The driving maneuver is observed up to second 30, so that the transition into the offset as well 

as the transition out of the offset can be examined. The resulting steering wheel angle curve is 

shown in the top part of Figure 4.17. 

In the middle part of Figure 4.17 the confidence level 𝜏HSE is plotted over time. Basically, the 

confidence in the artificial neural network is not as strong in the unadulterated range as, for 

example, in the case of state estimation with respect to the pitch behavior during the driving 

maneuver shown in Figure 4.15. The offset is identified successfully by the hybrid method and 

thus the confidence level is set to 𝜏HSE = 0 for the period of the offset. Both prior to and sub-

sequent to the offset, the hybrid method regains more confidence in the artificial neural network. 

The effect of the offset on the state estimation concerning the roll angle is shown in the bottom 

part of Figure 4.17. The offset in the steering wheel angle 𝛿SW also distorts the roll angle esti-

mated by artificial neural network 𝜑Ann. Thus the artificial neural network suggests a roll angle 

Figure 4.17 Hybrid State Estimation Open-Loop Validation – Reliability Sensor Offset: Top: 

Steering Wheel Angle; Middle: Confidence Level; Bottom: Roll Angle Curves 
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close to zero during the offset, whereas the ground truth roll angle remains at 

𝜑Meas =  −  0.02 rad, which is equivalent to −1.15°. This incorrect estimation is detected by 

the confidence level and then handled by the hybrid method using the unscented Kalman filter. 

The state estimated by the hybrid method 𝜑Est is completely based on the physical model 𝜑P 

during the offset. 

For a detailed analysis regarding the transition regions of the offset, the deviations of the esti-

mated roll angles from the ground truth roll angle 𝜑Meas are determined. 

∆𝜑𝑖 = 𝜑Meas − 𝜑𝑖, 𝑖 𝜖 {Ann, Est, P} (4.79) 

These deviations are visualized in Figure 4.18. 

First, the area prior to the offset is examined. The higher the confidence level, the stronger the 

artificial neural network is trusted. The deviations are approaching accordingly. A further ad-

vantage of using the hybrid method can be recognized in the period from 13.73 to 19.90 sec-

onds. The artificial neural network has a partially noisy output signal for this period. The output 

signal of the physical model is also noisy, although the noise level is significantly lower. By 

using the unscented Kalman filter and the corresponding definition of the neutral covariances 

𝑸N and 𝑅N, these noises are compensated. The estimation resulting from the hybrid method 

𝜑Est does not show a noisy signal. 

Whereas the physical model is completely trusted during the offset, there is a one-periodic os-

cillation at the beginning as well as at the end of the offset. For these instants steps in the steer-

ing wheel angle are present. Following these one-periodic oscillations, smooth signals are pre-

sent both during and after the offset. By using the hybrid method the sensor malfunction of an 

Figure 4.18 Hybrid State Estimation Open-Loop Validation – Reliability Sensor Offset: Roll 
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offset can be detected and handled as well. The hybrid method provides a valid estimate 

throughout. 

The impact of the respective one-periodic oscillations in relation to the control is investigated 

within the closed-loop operation mode in Chapter 6. 

Sensor Failure 

A sensor failure represents an extremely dangerous situation concerning the state estimation. In 

the following, the behavior of the hybrid method in the case of such a failure of the sensor signal 

for an input quantity into the artificial neural network is examined. The further input variables 

remain unaltered. 

The application example used in this case is the state estimation of the side-slip angle. For the 

analysis of the behavior of the individual state estimator the driving maneuver of the step steer-

ing input test is chosen. Here, the velocity of the vehicle is set to 90 km/h. The steering angle 

to be applied equals 60° which induces the vehicle to turn right. Moreover, no lateral road gra-

dient is present. Table 4.17 provides an overview for this validation maneuver. 

Table 4.17 Hybrid State Estimation Open-Loop Validation – Driving Maneuver Sensor 

Failure 

Driving Maneuver Parameter Values Unit 

Step Steering Input Test 

Lateral Road Gradient 0 % 

Steering Amplitude 60 ° 

Steering Direction Clockwise - 

Velocity 90 km/h 

 

The sensor failure in the present case involves the inertial measurement unit located at the center 

of gravity. The accelerometer for the lateral direction fails. The signal of the lateral acceleration 

𝑎𝑦 is therefore lost. The failure occurs at the time of 12 s of the driving maneuver. The course 

of the lateral acceleration 𝑎𝑦 is shown in the top part of Figure 4.19. Due to the sensor failure, 

the lateral acceleration can accordingly only be visualized up to the time of 12 s. 

In the middle part of Figure 4.19 the confidence level of the hybrid method 𝜏HSE arising for this 

driving maneuver is shown. Whereas the confidence level is quite high at the beginning of the 

maneuver during the initial driving straight ahead, it is rather low during the adjustment of the 

steering angle. The section of constant lateral acceleration features a similar confidence level 

as the hybrid method with respect to the roll behavior during the steady-state circular drive. The 

sensor failure is successfully detected by the hybrid method. The confidence level adopts per-

manently 𝜏HSE = 0 after the failure. 
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The consequences for the state estimations are visualized in the bottom part of Figure 4.19. 

Here the courses of the side-slip angle for the individual state estimators are plotted. Due to the 

fact that an input signal into the artificial neural network is lost from second 12 on, the artificial 

neural network likewise estimates only the side-slip angle 𝛽Ann up to this instant. Beyond this 

time, no estimation of the artificial neural network 𝛽Ann is present. Subsequent to the sensor 

failure, the only available estimation based on the physical model 𝛽P is relied upon completely. 

In the transition area an overshoot is present.  

In order to evaluate the behavior of the state estimators in more detail, the deviations ∆𝛽𝑖 from 

the ground truth side-slip angle 𝛽Meas are determined. 

∆𝛽𝑖 = 𝛽Meas − 𝛽𝑖, 𝑖 𝜖 {Ann, Est, P} (4.80) 

These deviations for the driving maneuver are illustrated in Figure 4.20. The artificial neural 

network achieves a smaller deviation from the ground truth side-slip angle in contrast to the 

physical model. Through the conservative choice of the scaling factor 𝑝max, the physical model 

is trusted more in the area of the steering wheel angle step. A more detailed examination of the 

influence of the choice of the scaling factor 𝑝max is given in Chapter 7.3. 

Furthermore, analogous to the observation on the sensor offset, the noise present in the signal 

of the estimated state 𝛽Ann by the artificial neural network is filtered out by the unscented Kal-

man filter within the hybrid method. The estimated state of the hybrid method 𝛽Est shows no 

noise. 

 

Figure 4.19 Hybrid State Estimation Open-Loop Validation – Reliability Sensor Failure: Top: 

Lateral Acceleration; Middle: Confidence Level; Bottom: Side-Slip Angle Curves 
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Following the sensor failure, there is a single overshoot exceeding the value estimated by the 

physical model before the estimated value by the hybrid method is permanently adapted to the 

physical model. The time between the sensor failure and the adoption of the state based on the 

physical model, which is equivalent to the time of the simple overshoot, lasts approximately 

one second. By using the hybrid method, the critical event of a sensor failure is recognized and 

compensated as well. A valid state estimation 𝛽Est is available throughout. 

The impact of the transition section in case of a sensor failure is additionally examined in Chap-

ter 6. The focus is mainly on the interaction with the control of the vehicle dynamics in the 

closed-loop operation mode. 

4.3.5 Conclusion 

In conclusion, the hybrid method of state estimation detects incorrect input signals into the 

artificial neural networks and handles them accordingly. Due to the application of the confi-

dence level, a valid state estimation based on the simple physical models is achieved despite 

the sensor malfunctions respectively the sensor failure. For further investigation, especially in 

connection with the vehicle dynamics control, a closed-loop validation of the hybrid method of 

state estimation is performed in Chapter 6. In this context, the impact of the short oscillations 

within the estimation on the subsequent control system is investigated, which occur in case of 

a significant drop of the confidence level due to incorrect input variables. 

 

Figure 4.20 Hybrid State Estimation Open-Loop Validation – Reliability Sensor Failure: 
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5 Central Predictive Control 

This Chapter focuses on the hybrid method of vehicle dynamics control. 

In this context the hybrid method refers to the derivation of the central 

predictive control approach. First, a non-linear model-based predictive 

control is built within this derivation. This control is based on physical 

model knowledge. The non-linear model-based predictive control is then 

mapped by a neuro-fuzzy inference system, with the premise of drasti-

cally reducing the computational effort without affecting the control 

quality significantly. The neuro-fuzzy inference system represents a 

fuzzy inference system which is capable of learning and is thus trainable 

by its implementation as an artificial neural network. First, the refer-

ence trajectories that represent the control targets are introduced. Sub-

sequently, the non-linear model-based control approach is derived. The 

implementation of the control based on the neuro-fuzzy inference system 

is presented in a third Section. Within this Section, the introduced hybrid 

method in terms of both vehicle dynamics control algorithms is addi-

tionally validated in an open-loop operation mode based on test data. 

5.1 Reference Trajectories 

According to Chapter 3.2, the control targets concern the manipulation of the roll behavior, the 

pitch behavior and the self-steering behavior. In the following, the detailed targets within these 

three areas are formulated. Corresponding target values are specified for each time step. In order 

to construct the reference trajectories required for the non-linear model-based predictive con-

trol, the specified target values are assumed to be constant over the prediction horizon within 

the control algorithm. As already with the state estimation, the three areas of roll, pitch and self-

steering behavior are considered separately.  

5.1.1 Roll Behavior 

The objective of manipulating the roll behavior is to control the vehicle according to a reference 

roll angle 𝜑Ref. The roll behavior results mainly from the lateral dynamics of the vehicle. An 
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increasing lateral acceleration results in an increasing roll angle of the vehicle. The roll behavior 

thus provides the driver with indirect feedback on the driving status of the vehicle for the lateral 

dynamics, which has to be preserved. On this basis, the roll behavior of the vehicle is controlled 

by specifying a dynamic roll angle 𝜑Ref. The reference roll angle 𝜑Ref at a time step 𝑘 is deter-

mined by scaling the roll angle 𝜑T, which would arise in a vehicle with passive chassis ele-

ments: 

𝜑Ref(𝑘) = 𝜉R𝜑T(𝑘). (5.1) 

Here, 𝜉R represents the corresponding scaling factor. To determine the passive roll behavior, 

the principle of angular momentum for the vehicle body is set up around the roll center, analo-

gous to the physical model for the state estimation in Section 4.1. In this case, the forces of 

passive dampers and passive stabilizers must be taken into account: 

𝐹D,p,𝑖(𝜑) = 𝑑p,𝑖𝑠D,𝑖�̇� cos𝜑 , (5.2) 

𝐹St,p,𝑖(𝜑) =
𝑐St,𝑖𝑠St,𝑖
𝑏St,𝑖

arcsin (
𝑎St,𝑖
2𝑏St,𝑖

sin𝜑) . (5.3) 

The damping factors of the passive dampers and the stiffness of the passive stabilizers are de-

noted by 𝑑p,𝑖 and 𝑐St,𝑖, respectively. The damping factors at one axle are considered to be iden-

tical. The roll acceleration �̈�T of the passive vehicle can be determined by applying the princi-

ple of angular momentum: 

�̈�T(𝑘) =
1

𝐽𝑥𝑥
[ℎGR𝑚𝑎𝑦(𝑘) cos𝜑T(𝑘) + ℎGR𝑚𝑔 sin𝜑T(𝑘)

− 2(𝑠S,f
2 𝑐S,f + 𝑠S,r

2 𝑐S,r) sin𝜑T(𝑘)

− 2(𝑑p,f𝑠D,f
2 + 𝑑p,r𝑠D,r

2 )�̇�T(𝑘) cos 𝜑T(𝑘)

− 2
𝑐St,f𝑠St,f
𝑏St,f

arcsin (
𝑎St,f
2𝑏St,f

sin𝜑T(𝑘))

− 2
𝑐St,r𝑠St,r
𝑏St,r

arcsin (
𝑎St,r
2𝑏St,r

sin𝜑T(𝑘))]. 

(5.4) 

To determine the passive roll angle 𝜑T, the roll acceleration �̈�T is integrated twice using the 

explicit Euler method: 

�̇�T(𝑘 + 1) = �̇�T(𝑘) + �̈�T(𝑘)𝑡S, (5.5) 

𝜑T(𝑘 + 1) = 𝜑T(𝑘) + �̇�T(𝑘)𝑡S. (5.6) 

By using the dynamic roll angle specification 𝜑Ref, the feedback on the lateral dynamics to the 

driver is preserved, however, the roll behavior can still be reduced in a targeted manner. 
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5.1.2 Pitch Behavior 

A further target of the control is to affect the pitch behavior of the vehicle. Due to the present 

actuator setup including semi-active dampers and active stabilizers, the pitching movements 

can be influenced indirectly. In the present case, the pitching movements can be reduced. The 

main factor determining the pitch behavior is the longitudinal acceleration of the vehicle. Pitch-

ing movements therefore occur primarily during acceleration or deceleration and during load 

changes. The basic objective is to avoid pitching movements in order to increase the comfort 

of the vehicle occupants. For this reason, no dynamic reference value specification is made in 

connection with the pitch behavior. Instead, the reduction of the pitch behavior is achieved by 

specifying the reference value 𝜃Ref by a constant pitch angle 𝜃Stat: 

𝜃Ref = 𝜃Stat. (5.7) 

This constant pitch angle 𝜃Stat represents the stationary pitch angle during standstill. 

5.1.3 Self-Steering Behavior 

In addition to the roll and pitch behavior, the self-steering behavior represents a third control 

target, for which a reference value has to be specified. The self-steering behavior is thereby 

manipulated via the self-steering gradient. The self-steering gradient quantifies the reaction of 

the vehicle to a steering input. Whereas a negative self-steering gradient reduces the steering 

angle demand for a defined circular path, it increases if the self-steering gradient is positive. 

This results in agility respectively stability during cornering. Understeering vehicle behavior is 

generally preferred, especially in critical driving situations, (Schramm et al., 2020).  

In order to set a consistent self-steering behavior for the driver, the specification is based on a 

static self-steering gradient 𝑆𝑆𝐺Stat. The reference value is thus a self-steering gradient 𝑆𝑆𝐺Ref 

from which understeering vehicle behavior is obtained: 

𝑆𝑆𝐺Ref = 𝑆𝑆𝐺Stat. (5.8) 

5.2 Non-Linear Model-Based Predictive Control 

The non-linear model-based predictive control algorithm is based on physical model knowledge 

and results from theoretical modeling, analogous to the physical models of state estimation. In 

principle, the mode of operation can be briefly summarized by the steps of prediction and the 

ensuing optimization. First the behavior to be controlled is predicted depending on the manip-

ulated variables. Then these predictions are optimized with the objective of matching the refer-

ence trajectories. The optimization applies to the entire predicted time, (Sieberg et al., 2018, 

Sieberg et al., 2019b). This results in optimal trajectories for the individual manipulated varia-

bles. Using the principle of the moving horizon, only the first values of these trajectories are 
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passed on to the actuator models by the manipulated variables 𝒖C. The process consisting of 

prediction and optimization is thus performed for each time step anew.  

5.2.1 Prediction 

During the prediction, the future system behavior concerning the control targets is forecasted. 

The time for which the prediction is made is quantified by the prediction horizon 𝑛p. Subse-

quently, the prediction models used for the three control targets are introduced. 

Roll Behavior 

Analogous to the physical state estimation in Section 4.1, a theoretical modeling is carried out 

for the generation of the prediction model. In the present case, the vehicle body is likewise cut 

free in the 𝑦-𝑧 plane. Then the principle of angular momentum is set up with respect to the roll 

center. The same assumptions are applied as for the physical estimation model regarding the 

roll behavior, according to Section 4.1. 

The roll acceleration �̈�C can be determined by transforming the principle of angular momentum 

analogous to (4.12) into 

�̈�C(𝑘) =
1

𝐽𝑥𝑥
[ℎGR𝑚𝑎𝑦 cos𝜑C(𝑘) + ℎGR𝑚𝑔 sin𝜑C(𝑘) − 𝑢1(𝑘) − 𝑢2(𝑘)

− 2(𝑠S,f
2 𝑐S,f + 𝑠S,r

2 𝑐S,r) sin𝜑C(𝑘)

− ((𝑢3(𝑘) + 𝑢4(𝑘))𝑠D,f
2 ) �̇�C(𝑘) cos𝜑C(𝑘)

− ((𝑢5(𝑘) + 𝑢6(𝑘))𝑠D,r
2 ) �̇�C(𝑘) cos 𝜑C(𝑘)]. 

(5.9) 

The counter roll torque at the front and the rear axle are represented by 𝑢1 and 𝑢2, respectively. 

The damping factors at the front axle are indicated by 𝑢3 for left vehicle side and 𝑢4 for the 

right side. Accordingly, 𝑢5 and 𝑢6 denote the damping factors acting at the left respectively at 

the right side of the rear axle. For prediction, the roll acceleration �̈�C, the roll rate �̇�C and the 

roll angle 𝜑C are forecasted over the prediction horizon as a function of the manipulated varia-

bles. External influence quantities such as the lateral acceleration 𝑎𝑦 are kept constant within 

the prediction. For the initialization of each prediction, the variables 𝜑Est and �̇�Est determined 

by the state estimation are used. 

Based on the roll acceleration �̈�C at the time 𝑡 = 𝑘, the roll rate �̇�C and the roll angle 𝜑C for 

the time 𝑡 = 𝑘 + 1 are determined. The scheme of the semi-implicit Euler method is applied 

for this purpose, (Cromer, 1981): 

�̇�C(𝑘 + 1) = �̇�C(𝑘) + �̈�C(𝑘)𝑡S, (5.10) 

𝜑C(𝑘 + 1) = 𝜑C(𝑘) + �̇�C(𝑘 + 1)𝑡S. (5.11) 
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Pitch Behavior 

In accordance with the prediction of the roll behavior, the prediction of the pitch behavior is 

again based on the theoretical modeling that has already been used in Section 4.1 to create the 

physical state estimation. For this purpose, the same assumptions are made for the preparation 

of the free cut of the vehicle body in the 𝑥-𝑧 plane. This leads analogous to (4.21) to the pitch 

acceleration �̈�C due to the formulation and subsequent transformation of the principle of angu-

lar momentum of the vehicle body around the pitch center:  

�̈�C(𝑘) =
1

𝐽𝑦𝑦
[ℎGP𝑚𝑎𝑥 cos 𝜃𝐶(𝑘) + ℎGP𝑚𝑔 sin 𝜃C(𝑘)

− 2(𝑙S,f
2 𝑐S,f + 𝑙S,r

2 𝑐S,r) sin 𝜃C(𝑘) − 𝑢1(𝑘)
𝑙St,f
𝑠St,f

− 𝑢2(𝑘)
𝑙St,r
 𝑠St,r

− ((𝑢3(𝑘) + 𝑢4(𝑘))𝑙D,f
2 ) �̇�C(𝑘) cos 𝜃C(𝑘)

− ((𝑢5(𝑘) + 𝑢6(𝑘))𝑙D,r
2 ) �̇�C(𝑘) cos 𝜃C(𝑘)]. 

(5.12) 

The pitch rate and the pitch angle are initialized with the pitch rate �̇�Est and pitch angle 𝜃Est 

determined by the state estimation. External influence variables like the longitudinal accelera-

tion 𝑎𝑥 are kept constant over the prediction horizon. The prediction of the pitch behavior is 

further depending on the control variables. The pitch rate �̇�C and the pitch angle 𝜃C are then 

predicted by applying the scheme of the semi-implicit Euler method 

�̇�C(𝑘 + 1) = �̇�C(𝑘) + �̈�C(𝑘)𝑡S, (5.13) 

𝜃C(𝑘 + 1) = 𝜃C(𝑘) + �̇�C(𝑘 + 1)𝑡S. (5.14) 

Self-Steering Behavior 

The theoretical modeling approach is likewise used for the prediction of self-steering behavior. 

The assumptions made in Section 4.1 for the generation of the single-track model are also used 

to predict the self-steering behavior within the non-linear model-based predictive control. In 

order to determine and then predict the self-steering behavior of the vehicle, it is necessary to 

determine the slip angles 𝛼C,𝑖 with 

𝛼C,f(𝑘) = δ − arctan (
𝑙f�̇�C(𝑘) + 𝑣 sin 𝛽C(𝑘)

𝑣 cos 𝛽C(𝑘)
) , (5.15) 

𝛼C,r(𝑘) = −arctan (
−𝑙r�̇�C(𝑘) + 𝑣 sin 𝛽C(𝑘)

𝑣 cos 𝛽C(𝑘)
) . (5.16) 

With respect to a precise prediction over the entire prediction horizon, the determination of the 

slip angles 𝛼C,𝑖 involves non-linearities in contrast to the modeling in the physical state estima-

tion within Chapter 4.1.3.  
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Based on the information about the slip angles the self-steering gradient can be determined, 

which represents the control target associated with the self-steering behavior. The additionally 

required lateral acceleration 𝑎𝑦 is available as a measured quantity and is assumed to be con-

stant throughout the prediction. 

𝑆𝑆𝐺C(𝑘) =
(𝛼C,f(𝑘) − 𝛼C,r(𝑘))

𝑎𝑦
 (5.17) 

Subsequently, the further correlations necessary for the prediction of the self-steering behavior 

are derived. In addition to the external influence variables of the vehicle’s velocity 𝑣 and steer-

ing angle δ, the yaw rate �̇�C and the side-slip angle 𝛽C are also required for this calculation. 

Whereas the majority of the external influencing variables, which are measured by the installed 

sensors, are kept constant over the prediction, some variables depend on the manipulated vari-

ables. Thereby, a special role is taken by the yaw rate �̇�C. The yaw rate is also considered to be 

variable over the prediction. For each prediction, the yaw rate and the side-slip angle are ini-

tialized with the value measured �̇� respectively determined by the state estimator 𝛽Est. For the 

prediction of the yaw rate �̇�C, the principle of angular momentum around the vertical axis of 

the vehicle is set up. The transformation of the principle of angular momentum provides the 

yaw acceleration �̈�C 

�̈�C(𝑘) =
1

𝐽𝑧𝑧
(𝑙f cos 𝛿 (𝐹𝑦,C,fl(𝑘) + 𝐹𝑦,C,fr(𝑘)) − 𝑙r (𝐹𝑦,C,rl(𝑘) + 𝐹𝑦,C,rr(𝑘))) . (5.18) 

For the prediction of the side-slip angle 𝛽C, Newton’s principle is first applied with respect to 

the lateral vehicle axis and transformed according to the time derivative of the side-slip angle 

�̇�C: 

�̇�C(𝑘) =
(cos 𝛿 (𝐹𝑦,C,fl(𝑘) + 𝐹𝑦,C,fr(𝑘)) + (𝐹𝑦,C,rl(𝑘) + 𝐹𝑦,C,rr(𝑘)))

𝑚𝑣 cos𝛽C(𝑘)
− �̇�C(𝑘). 

(5.19) 

For the prediction of the yaw acceleration and the time derivative of the side-slip angle, non-

linearities are considered to achieve precise predictions over the entire prediction horizon in 

contrast to (4.37). By integrating the yaw acceleration �̈�C and the time derivative of the side-

slip angle �̇�C , the yaw rate �̇�C  and the side-slip angle 𝛽C  are predicted. The explicit Euler 

method is used for the integration, (Butcher, 2016): 

�̇�C(𝑘 + 1) = �̇�C(𝑘) + �̈�C(𝑘)𝑡S, (5.20) 

𝛽C(𝑘 + 1) = 𝛽C(𝑘) + �̇�C(𝑘)𝑡S. (5.21) 

The yaw rate �̇�C and the side-slip angle 𝛽C are determined and thus predicted as a function of 

the lateral forces 𝐹𝑦,C,𝑖𝑗 acting at the tires.  
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These are calculated using the relationship between the corresponding cornering stiffness 𝑐𝛼,C,𝑖𝑗 

and the slip angle 𝛼C,𝑖 analogous to (4.27): 

𝐹𝑦,C,𝑖𝑗(𝑘) = 𝑐𝛼,C,𝑖𝑗(𝑘)𝛼C,𝑖(𝑘). (5.22) 

The cornering stiffnesses 𝑐𝛼,C,𝑖𝑗 are again dependent on the wheel loads 𝐹𝑧,C,𝑖𝑗. Analogous to 

the determination in (4.28) within the state estimation in Section 4.1, the degressive dependency 

between the cornering stiffnesses 𝑐𝛼,C,𝑖𝑗 and the wheel loads  𝐹𝑧,C,𝑖𝑗 is represented by a semi-

empirical model, (Pacejka, 2006): 

𝑐𝛼,C,𝑖𝑗(𝑘) = 𝑐T1𝑐T2𝐹𝑧0,𝑖𝑗 sin (2 arctan (
𝐹𝑧,C,𝑖𝑗(𝑘)

𝑐T2𝐹𝑧0,𝑖𝑗
)) . (5.23) 

The wheel loads are composed of a static part resulting from the gravitational force and a dy-

namic part resulting from the chassis elements. Analogous to (4.29) - (4.32), the actuators in 

particular influence the wheel loads via the control variables: 

𝐹𝑧,C,fl(𝑘) =
𝑙r

𝑙f + 𝑙r
(0.5𝑚𝑔 − 𝑢3(𝑘)𝑠D,f �̇�C(𝑘) cos𝜑C (𝑘) − 𝑠S,f𝑐S,f sin𝜑C (𝑘)

−
1

2𝑠St,f
𝑢1(𝑘)) , 

(5.24) 

𝐹𝑧,C,fr(𝑘) =
𝑙r

𝑙f + 𝑙r
(0.5𝑚𝑔 + 𝑢4(𝑘)𝑠D,f �̇�C(𝑘) cos𝜑C (𝑘) + 𝑠S,f𝑐S,f sin𝜑C (𝑘)

+
1

2𝑠St,f
𝑢1(𝑘)) , 

(5.25) 

𝐹𝑧,C,rl(𝑘) =
𝑙f

𝑙f + 𝑙r
(0.5𝑚𝑔 − 𝑢5(𝑘)𝑠D,r �̇�C(𝑘) cos𝜑C (𝑘) − 𝑠S,r𝑐S,r sin𝜑C (𝑘)

−
1

2𝑠St,r
𝑢2(𝑘)) , 

(5.26) 

𝐹𝑧,C,rr(𝑘) =
𝑙f

𝑙f + 𝑙r
(0.5𝑚𝑔 + 𝑢6(𝑘)𝑠D,r �̇�C(𝑘) cos𝜑C (𝑘) + 𝑠S,r𝑐S,r sin 𝜑C (𝑘)

+
1

2𝑠St,r
𝑢2(𝑘)) . 

(5.27) 

The forces resulting from the chassis elements are specified according to the motivation in Sec-

tion 4.1 as a function of the roll behavior. 
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5.2.2 Optimization 

Once the vehicle dynamics have been predicted as a function of the manipulated variables, the 

optimization is carried out taking the reference trajectories into account. The objective is to 

adapt the predicted vehicle dynamics to the reference trajectories. The entire predicted timespan 

is used for the optimization in order to design and adapt the manipulated variables over the 

complete prediction horizon under the premise of the reference trajectories. 

The temporal aspect is already taken into account for the formulation of the manipulated vari-

ables. These are defined by polynomials which include the respective time step, (Sieberg et al., 

2019b). The manipulated variables of the counter roll torques of the front axle 𝑢1 and the rear 

axle 𝑢2 are defined by cubic polynomials: 

𝑢1(𝑘) = 𝑎11 + 𝑎12𝑘 + 𝑎13𝑘
2 + 𝑎14𝑘

3, (5.28) 

𝑢2(𝑘) = 𝑎21 + 𝑎22𝑘 + 𝑎23𝑘
2 + 𝑎24𝑘

3. (5.29) 

The manipulated variables which represent the damping factors of the semi-active dampers, are 

formulated using quadratic polynomials: 

𝑢3(𝑘) = 𝑎31 + 𝑎32𝑘 + 𝑎33𝑘
2, (5.30) 

𝑢4(𝑘) = 𝑎41 + 𝑎42𝑘 + 𝑎43𝑘
2, (5.31) 

𝑢5(𝑘) = 𝑎51 + 𝑎52𝑘 + 𝑎53𝑘
2, (5.32) 

𝑢6(𝑘) = 𝑎61 + 𝑎62𝑘 + 𝑎63𝑘
2. (5.33) 

By formulating the manipulated variables using polynomials with a temporal background, the 

objective of continuous characteristics over the prediction horizon is pursued. The choice of the 

polynomial grades is made under consideration of the desired manipulated variable character-

istics. Furthermore the polynomial degree of an actuator type is consistent. 

In addition, limitations of the manipulated variables are considered within the optimization. The 

limitations result from the physical restrictions of the respective actuators. The stabilizers char-

acteristics can be used to determine limitations for the counter roll torques according to the 

conversion presented in Section 4.1. As a result, the minimum and maximum stabilizer torque 

𝑇St,min and 𝑇St,max yield a minimum and a maximum counter roll torque 𝑇min and 𝑇max: 

𝑇min =
𝑎St
𝑏St

𝑇St,min, (5.34) 

𝑇max =
𝑎St
𝑏St

𝑇St,max. (5.35) 
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The result of the manipulated variable optimization is thus limited to this solution space for the 

counter roll torques 𝑢1 and 𝑢2. 

𝑇min  ≤ 𝑢𝑖 ≤ 𝑇max, 𝑖 ∈ {1,2} (5.36) 

Likewise, restrictions are also specified for the other manipulated variables. Both a minimum 

damping factor 𝑑min  and a maximum damping factor 𝑑max are determined using the empirical 

measurement data of the damper characteristics. 

𝑑min  ≤ 𝑢𝑖 ≤ 𝑑max, 𝑖 ∈ {3,4,5,6} (5.37) 

This also restricts the solution space for the manipulated variables which considers the semi-

active dampers. The following notation is used to further describe the optimization problem: 

𝒖P(𝑘) = (𝑢1(𝑘),… , 𝑢6(𝑘))
T
, (5.38) 

𝒂 = (𝑎11, … , 𝑎63)
T. (5.39) 

The manipulated variables are summarized in the vector 𝒖P. The parameter vector 𝒂 comprises 

the individual polynomial parameters of the manipulated variables. These polynomial parame-

ters are adjusted during the optimization. Furthermore, the control states of the vehicle dynam-

ics predicted within the non-linear model-based predictive control which depend on the manip-

ulated variables 𝒖P are summarized in 𝒙C 

𝒙C(𝑘) = (𝜑C(𝑘), 𝜃C(𝑘), 𝑆𝑆𝐺C(𝑘))
T
. (5.40) 

The reference trajectories defined in Section 5.1 are included in 𝒙Ref. These reference trajecto-

ries represent the target values of the control of the vehicle dynamics with 

𝒙Ref(𝑘) = (𝜑Ref(𝑘), 𝜃Ref(𝑘), 𝑆𝑆𝐺Ref(𝑘))
T
. (5.41) 

During the optimization, primarily the control deviations are focused. These result from the 

difference between the states 𝒙C predicted in the control and the reference variables 𝒙Ref. In 

addition, the manipulated variables 𝒖P are incorporated into the optimization. Thus, the energy 

requirement of the actuators can be reduced by the optimization. This avoids excessive manip-

ulated variables. The importance of the individual objectives within the optimization is deter-

mined by weighting factors 𝝀C 

𝝀C = (𝜆R, 𝜆P, 𝜆S, 𝜆u1, 𝜆u2, 𝜆u3, 𝜆u4, 𝜆u5, 𝜆u6)
T. (5.42) 

The parameterization of the weighting factors 𝝀C is conducted under consideration of the utility 

analysis specified in Section 3.3.1.  
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In order to solve the optimization problem and to determine the optimal manipulated variable 

trajectories, the cost function 𝑓C is minimized. The optimization is executed throughout the en-

tire prediction horizon 𝑛p. The manipulated variable trajectories are adapted via the polynomial 

parameters 𝒂. 

min
𝒂
𝑓C(𝒖P(𝑘), 𝒙C(𝑘), 𝒙Ref(𝑘))

=
1

𝑛p
[𝜆R∑(𝜑Ref(𝑘) − 𝜑C(𝑘))

2

𝑛p

𝑘=0

+ 𝜆P∑(𝜃Ref(𝑘) − 𝜃C(𝑘))
2

𝑛p

𝑘=0

+ 𝜆S∑(𝑆𝑆𝐺Ref(𝑘) − 𝑆𝑆𝐺C(𝑘))
2

𝑛p

𝑘=0

+ 𝜆u1∑(𝑢1(𝑘))
2

𝑛p

𝑘=0

+ 𝜆u2∑(𝑢2(𝑘))
2

𝑛p

𝑘=0

+ 𝜆u3∑(𝑢3(𝑘))
2

𝑛p

𝑘=0

+ 𝜆u4∑(𝑢4(𝑘))
2

𝑛p

𝑘=0

+ 𝜆u5∑(𝑢5(𝑘))
2

𝑛p

𝑘=0

+ 𝜆u6∑(𝑢6(𝑘))
2

𝑛p

𝑘=0

] 

(5.43) 

The optimization problem is solved in MATLAB & Simulink at each time step. The interior-

point algorithm is utilized for this purpose applying the optimization toolbox of MATLAB, 

(Waltz et al., 2006). This algorithm first tries to solve the optimization problem by Newton-

Raphson method, (Ypma, 1995). If the solution is deemed ineffective, a trust-region method is 

used for the optimization. Within this method conjugate gradient iterations are executed. By 

combining the two methods global convergence properties are obtained, (Waltz et al., 2006). 

The result of the optimization are the optimal polynomial parameters 𝒂. These constitute the 

manipulated variable trajectories over the prediction horizon 𝑛p. In order to be capable of re-

acting to disturbances in an optimal way, the principle of a receding horizon is applied. Thereby, 

only the manipulated variables for the next future time step are transmitted to the actuator mod-

els. This results in the counter roll torques 

𝑇f,C = 𝑢1(𝑘 = 𝑡S) = 𝑎11 + 𝑎12𝑡S + 𝑎13𝑡S
2 + 𝑎14𝑡S

3, (5.44) 

𝑇r,C = 𝑢2(𝑘 = 𝑡S) = 𝑎21 + 𝑎22𝑡S + 𝑎23𝑡S
2 + 𝑎24𝑡S

3 (5.45) 

and the damping factors 

𝑑fl,C = 𝑢3(𝑘 = 𝑡S) = 𝑎31 + 𝑎32𝑡S + 𝑎33𝑡S
2, (5.46) 

𝑑fr,C = 𝑢4(𝑘 = 𝑡S) = 𝑎41 + 𝑎42𝑡S + 𝑎43𝑡S
2, (5.47) 

𝑑rl,C = 𝑢5(𝑘 = 𝑡S) = 𝑎51 + 𝑎52𝑡S + 𝑎53𝑡S
2, (5.48) 

𝑑rr,C = 𝑢6(𝑘 = 𝑡S) = 𝑎61 + 𝑎62𝑡S + 𝑎63𝑡S
2. (5.49) 

 



5.3 Control by Co-Active Neuro-Fuzzy Inference System 109 

 

The transfer to the actuator models is done via  

𝒖C = (𝑇f,C, 𝑇r,C, 𝑑fl,C, 𝑑rl,C, 𝑑rl,C, 𝑑rr,C)
T
. (5.50) 

In the next time step, the procedure of prediction and optimization is executed again. This ena-

bles a predictive mode of operation of the control with simultaneous responsiveness to non-

modeled disturbances, so that optimal control results can be achieved. Furthermore, the calcu-

lated optimal solution of the previous time step is used as a starting point for the solution of the 

optimization problem for the actual time step. Based on this warm-start method, the optimiza-

tion can be solved by fewer iterations compared to the solution without knowledge of the pre-

vious solution, (Yildirim and Wright, 2002). 

5.3 Control by Co-Active Neuro-Fuzzy Inference System 

In the following a neuro-fuzzy inference system is used to reproduce the non-linear model-

based predictive control. Due to the optimization problem within the model-based control, 

which is solved iteratively, an increased computational effort is incurred and without additional 

restrictions a non-real-time capable system results. By using neuro-fuzzy inference systems, 

this iterative mode of operation is replaced by a direct mode of operation and a real-time capable 

system is obtained with reduced computational effort. (Sieberg et al., 2019c, Sieberg et al., 

2020) present a successful proof of concept of this hybrid method for both multiple input single 

output and multiple input multiple output systems. 

Within this thesis the training of the neuro-fuzzy inference system is done in Python. The open 

source deep learning library Keras and the data stream oriented framework TensorFlow are 

used analogous to the training of the artificial neural networks from Section 4.2, (Abadi et al., 

2016, Gulli and Pal, 2017). The resulting fuzzy inference system is exported to MATLAB & 

Simulink afterwards and thus integrated into the simulation environment. 

On the one hand, sensor signals are used as input variables into the neuro-fuzzy inference sys-

tem, which are measured by the inertial measurement unit located at the center of gravity of the 

vehicle. These include the measured variables of longitudinal acceleration 𝑎𝑥, lateral accelera-

tion 𝑎𝑦 and yaw rate �̇�.  

On the other hand, the states which additionally describe the system behavior with respect to 

the control targets are also required for the implementation of the control algorithm. These in-

ternal state variables are not measured directly, but are determined via the state estimation. 

Therefore, the estimated values of the roll rate �̇�Est, the pitch rate �̇�Est and the side-slip angle 

𝛽Est are considered as input variables.  
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Furthermore, the deviations ∆𝜃 and ∆𝜑 of the estimated pitch angle 𝜃Est respective the esti-

mated roll angle 𝜑Est from the reference variables 𝜃Ref and 𝜑Ref are used as input variables: 

∆𝜃 = 𝜃Ref − 𝜃Est, (5.51) 

∆𝜑 = 𝜑Ref − 𝜑Est. (5.52) 

Table 5.1 provides a summary on the input variables into the neuro-fuzzy inference system. 

Table 5.1 Neuro-Fuzzy Inference System – Input Quantities 

Input Quantity Unit 

Lateral Acceleration 𝑎𝑦 m/s² 

Longitudinal Acceleration 𝑎𝑥 m/s² 

Pitch Angle Deviation ∆𝜃 rad 

Pitch Rate �̇�Est rad/s 

Roll Angle Deviation ∆𝜑 rad 

Roll Rate �̇�Est rad/s 

Side-Slip Angle 𝛽Est rad 

Yaw Rate �̇� rad/s 

 

The output variables of the neuro-fuzzy inference system correspond to the manipulated varia-

bles of the non-linear model-based predictive control. These are composed of the counter roll 

torques acting at the front axle 𝑇C,f and acting at the rear axle 𝑇C,r as well as of the damping 

factors front left 𝑑C,fl, front right 𝑑C,fr, rear left 𝑑C,rl and rear right 𝑑C,rr. An overview of the 

output variables of the neuro-fuzzy inference system is shown in Table 5.2. 

Table 5.2 Neuro-Fuzzy Inference System – Output Quantities 

Output Quantity Unit 

Counter Roll Torques 𝑇C,𝑖 Nm 

Damping Factors 𝑑C,𝑖𝑗 Ns/m 

 

Due to the specified structure of the neuro-fuzzy inference system with eight input variables 

and six output variables, the control system is implemented by a co-active neuro-fuzzy infer-

ence system, according to (Sieberg et al., 2020).  

In order to achieve a consistent order of magnitude for the training of the co-active neuro-fuzzy 

inference system, the input and output variables are normalized according to (4.39). The hybrid 

method according to (Jang and Sun, 1996) is used for the training respectively the optimization 

of the co-active neuro-fuzzy inference system within the training. This hybrid optimization 

method comprises a forward pass and a backward pass which are performed one after another. 
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Within this hybrid optimization method, the mean squared errors between the manipulated var-

iables 𝑢Mpc resulting from the non-linear model-based predictive control and the manipulated 

variables 𝑢Canfis resulting from the co-active neuro-fuzzy inference system are minimized. 

𝑀𝑆𝐸(𝑢Mpc, 𝑢Canfis) =
1

𝑛
∑(𝑢Mpc(𝑘) − 𝑢Canfis(𝑘))

2
𝑛

𝑘=1

. (5.53) 

During the forward pass the premise and thus the membership functions of the input variables 

are kept constant. The objective of this step is to adjust the consequence section and thus the 

output functions within the local experts for each output variable in order to optimize them with 

respect to the desired behavior. Since the output variables are linearly dependent on the param-

eters within the consequences of the respective local experts, the adaptation of these parameters 

can be done by the analytical solution. For this purpose the method of least squares is used, 

(Sorenson, 1970). 

Subsequently, the backward pass of the hybrid method is performed. The objective is to adapt 

the membership functions via their parameters, which are present in the premise. Thereby, the 

predetermined consequence parameters are kept constant. The relationship between the premise 

parameters and the desired output variables is non-linear. Thus, the method of error backprop-

agation is used for the adaptation, (Rumelhart and McClelland, 1987). 

The training is based on the driving maneuvers described in Section 3.5. For this task, the same 

database is used as for the training of the artificial neural networks in Section 4.2. The data is 

derived from the closed-loop simulation based on the non-linear model-based predictive control 

and the physical state estimators. Initially, a hyperparameter optimization for the co-active 

neuro-fuzzy inference system is executed, followed by the final training of it based on the re-

sulting optimal configuration. 

5.3.1 Hyperparameter Optimization 

The hybrid learning method adapts the parameters of the membership functions in the premise 

and the parameters of the output functions in the consequence during the training of the co-

active neuro-fuzzy inference system. The number of membership functions per input variable, 

for example, is not changed during training. In order to obtain an appropriate starting condition 

for the training, a hyperparameter optimization is performed beforehand, which optimizes and 

determines exactly these parameters. 

Among the hyperparameters considered are the number of membership functions. The search 

space is defined by either two membership functions per input or by three. In addition to the 

number of membership functions per input variable, the type of these membership functions is 
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also considered. Only continuous functions are taken into account. These include the general-

ized bell function and the Gaussian function. The number of membership functions as well as 

their type is consistent for all input variables. 

Beside these hyperparameters, which describe the premise, another hyperparameter is evaluated 

for the consequence. This hyperparameter defines the type of the output functions in the conse-

quence. Functions of zero order, so called singletons, as well as functions of first order, linear 

functions, are evaluated. Analogous to the number and the type of the membership function 

regarding the input variables, the type of the output functions is consistent for all output varia-

bles and thus in all local experts. Table 5.3 summarizes the search space of the hyperparameter 

optimization. The search space is chosen to be restricted in the context of this thesis in order to 

reduce the computational effort of the hyperparameter optimization. 

Table 5.3 Hyperparameter Optimization Co-Active Neuro-Fuzzy Inference System– Search 

Space 

Parameter Search Space 

Number of Membership Functions 2 3 

Type of Membership Function Gaussian Generalized Bell 

Type of Consequence Function Singleton Linear Function 

 

Besides the hyperparameters optimized and adapted during the hyperparameter optimization, 

the co-active neuro-fuzzy inference system is characterized by further invariant hyperparame-

ters. These include the batch sizes that are used during the hybrid learning method. The batch 

sizes quantify how many data points of the training data set are grouped in one batch during the 

training. For the forward pass and therefore for the least squares estimate a batch size of 16,384 

data points is chosen. The batch size used for the backward pass is four times smaller and ac-

cordingly contains 4,096 data points. 

A further hyperparameter is the type of the used T-norm which is used to evaluate the intersec-

tion of fuzzy sets. In the present application this intersection is determined by the algebraic 

product. Furthermore, the initialization of the membership functions is determined by the 

method of grid partitioning. Thereby, the value range of the input variable is divided into equal 

parts depending on the number of membership functions. Each of these ranges is then initially 

covered by an own membership function. 

The mean squared error is used as the evaluation metric in training. Furthermore the configu-

rations of the co-active neuro-fuzzy inference system are trained for ten epochs within the hy-

perparameter optimization. An overview of the fixed parameters of the hyperparameter optimi-

zation is presented in Table 5.4. 
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Table 5.4 Hyperparameter Optimization Co-Active Neuro-Fuzzy Inference System – Fixed 

Parameters 

Parameter Value 

Batch Size Gradient Descent 4,096 

Batch Size Least Squares Estimation 16,384 

Method of Intersection Algebraic Product 

Metric Mean Squared Error 

Number of Epochs 10 

Initialization Grid Partitioning 

 

In order to optimize the hyperparameters, a grid search is performed. The hyperparameter set-

tings defined in the search space are combined in all possible variations, (Larochelle et al., 

2007, LeCun et al., 2012). The resulting configurations are then trained for ten epochs and the 

training errors are evaluated. This type of hyperparameter optimization is suitable for the pre-

sent search space, since each hyperparameter has two defined, discrete setting options within 

the optimization. This ultimately results in eight different hyperparameter configurations. The 

configurations resulting from the grid search together with the minimum training errors are 

listed in Table 5.5. 

Table 5.5 Hyperparameter Optimization Co-Active Neuro-Fuzzy Inference System– Results 

Configuration Parameter Value Error 

1 

Number of Membership Functions 

Type of Membership Functions 

Type of Consequence 

2 

Gaussian 

Singleton 

0.35273 

2 

Number of Membership Functions 

Type of Membership Functions 

Type of Consequence 

3 

Gaussian 

Singleton 

0.35267 

3 

Number of Membership Functions 

Type of Membership Functions 

Type of Consequence 

2 

Gaussian 

Linear Function 

0.09628 

4 

Number of Membership Functions 

Type of Membership Functions 

Type of Consequence 

3 

Gaussian 

Linear Function 

2.31023 

5 

Number of Membership Functions 

Type of Membership Functions 

Type of Consequence 

2 

Generalized Bell 

Singleton 

0.09218 

6 

Number of Membership Functions 

Type of Membership Functions 

Type of Consequence 

3 

Generalized Bell 

Singleton 

0.08843 

7 

Number of Membership Functions 

Type of Membership Functions 

Type of Consequence 

2 

Generalized Bell 

Linear Function 

0.08872 

8 

Number of Membership Functions 

Type of Membership Functions 

Type of Consequence 

3 

Generalized Bell 

Linear Function 

2.31027 
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Configuration six from Table 5.5 features the minimal training error of hyperparameter optimi-

zation. Within this configuration, three membership functions are used for each input variable. 

These membership functions are of the type generalized bell function.  

Furthermore, singletons are used in the consequence as the output functions. This configuration 

results in an error of 0.08843 after ten training epochs, which is the error averaged over all six 

output variables. 

After the hyperparameter optimization, this configuration is now trained further. The training 

is conducted over 20 epochs. During the training the premise parameters are adjusted, among 

other things. In the present case the membership functions are implemented as generalized bell 

functions. A generalized bell function is defined by three parameters 𝑎HP, 𝑏HP, 𝑐HP: 

𝜇(𝑥) =
1

1 + |
𝑥 − 𝑐HP
𝑎HP

|
2𝑏HP

. 
(5.54) 

Exemplarily, the membership functions for the two input variables of the roll angle deviation 

∆𝜑 and side-slip angle 𝛽Est are depicted in Figure 5.1.  

The initial definition of the membership functions covers the value range of the input variables 

according to the principle of grid partitioning. The initial membership functions are illustrated 

by black dashed lines. In addition to the initial membership functions, the optimized member-

ship functions resulting from the training are also illustrated. These are represented by solid red 

lines.  

Figure 5.1 Co-Active Neuro-Fuzzy Inference System Membership Functions – Top: Scaled 

Roll Angle Deviation; Bottom: Scaled Side-Slip Angle 
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The final selected co-active neuro fuzzy inference system features 6,561 rules based on the 

determined hyperparameters. The number of rules 𝑅F is determined by the number of member-

ship functions per input quantity 𝑛MS to the power of the number of input quantities 𝑛F 

𝑅F = (𝑛MS)
𝑛F . (5.55) 

These rules are converted back into exact output values in each local expert by 6,561 singletons. 

In total, the layer of consequence comprising six local experts is thus defined by 39,366 param-

eters. 

5.3.2 Open-Loop Validation 

In analogy to the hybrid method of state estimation, the co-active neuro-fuzzy inference system 

is also evaluated in a first step through an open-loop validation. This open-loop validation in-

volves the control system not yet being integrated into the simulation environment. The focus 

of the open-loop validation is therefore on the representation quality regarding the manipulated 

variables of the central model-based predictive vehicle dynamics control. Furthermore, the 

computational effort is evaluated. A closed-loop validation is presented in Chapter 6. 

For this open-loop validation, a driving maneuver is used which has not been observed during 

the training of the controller. In the following the driving maneuver of the double lane change 

is selected. The double lane change is performed at a vehicle velocity of 70 km/h. The first lane 

change within the driving maneuver is clockwise. Furthermore, there is no lateral road gradient. 

Table 5.6 summarizes the parameters of the open-loop validation driving maneuver. 

Table 5.6 Co-Active Neuro-Fuzzy Inference System Open-Loop Validation – Driving Maneu-

ver  

Driving Maneuver Parameter Values Unit 

Double Lane Change 

Lateral Road Gradient 0 % 

Steering Direction Clockwise - 

Velocity 70 km/h 

 

The driving maneuver of the double lane change is a representative driving maneuver of the 

test data set. The highly dynamic excitations within the driving maneuver are particularly chal-

lenging for the vehicle dynamics control. 

The open-loop validation is conducted for two aspects. In a first step, the representation quality 

is investigated, which means how well the co-active neuro-fuzzy inference system can represent 

the manipulated variables of the non-linear model-based predictive vehicle dynamics control. 

In addition, the computational efforts for both vehicle dynamics controls are determined and 

evaluated. 
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Representation Quality 

For the open-loop validation, the representation quality is first determined for the two manipu-

lated variables of the counter roll torques. For this purpose, the counter roll torques at the front 

axle 𝑇Canfis,f respectively the rear axle 𝑇Canfis,r resulting from the co-active neuro-fuzzy infer-

ence system are plotted over time for the validation driving maneuver. This is shown in Figure 

5.2. The manipulated variables resulting from the co-active neuro-fuzzy inference system are 

represented by black dashed lines. 

In addition, the manipulated variables resulting from the non-linear model-based predictive 

control are plotted in Figure 5.2. These are illustrated by solid green lines. The manipulated 

variables of the counter roll torque at the front axle 𝑇Mpc,f respectively the rear axle 𝑇Mpc,r are 

considered as reference variables for the co-active neuro-fuzzy inference system. 

Both the representation of the counter roll torque at the front axle 𝑇C,f as well as the counter roll 

torque at the rear axle 𝑇C,r is done with a high quality. The examination of the courses of the 

counter roll torques 𝑇C,𝑖 in Figure 5.2 reveals no recognizable deviations. For this purpose the 

deviations of the manipulated variables resulting from the individual control algorithms are 

determined for a more detailed analysis by 

∆𝑇C,𝑖 = 𝑇Mpc,𝑖 − 𝑇Canfis,𝑖. (5.56) 

Thereby, a maximum absolute deviation of 0.05443 results for the representation of the counter 

roll torque at the front axle 𝑇C,f. For the representation of the counter roll torque at the rear axle 

𝑇C,r, a maximum absolute deviation of 0.045854 is obtained. The deviations in relation to the 

counter roll torques ∆𝑇C,𝑖 are shown in Figure 5.3. The deviation for the counter roll torque at 

Figure 5.2 Co-Active Neuro-Fuzzy Inference System Open-Loop Validation – Representation 

Quality: Top: Counter Roll Torque Front; Bottom: Counter Roll Torque Rear 
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the front axle ∆𝑇C,f is represented by a solid red line and the deviation for the counter roll torque 

at the rear axle ∆𝑇C,r by a dashed blue line. 

In order to evaluate the representation quality regarding the entire validation maneuver, the 

metric of the root mean squared error is used: 

𝑅𝑀𝑆𝐸(𝑢Mpc, 𝑢Canfis) =
√∑ (𝑢Mpc(𝑘) − 𝑢Canfis(𝑘))

2
𝑛
𝑘=1

𝑛
. 

(5.57) 

The counter roll torque at the front axle 𝑇C,f results in a root mean squared error of 0.00455 and 

the counter roll torque at the rear axle 𝑇C,r in a root mean squared error of 0.00498. 

With respect to the entire validation maneuver, the representation of the counter roll torque at 

the front axle 𝑇C,f thus features a slightly higher representation quality than the counter roll 

torque at the rear axle 𝑇C,r. In contrast, the representation of the counter roll torque at the rear 

axle 𝑇C,r shows a smaller maximum absolute deviation than the counter roll torque at the front 

axle 𝑇C,f. In conclusion, both manipulated variables are represented very well and the small 

deviations for the two counter-torques lie in the same order of magnitude. 

In the following, the open-loop validation with respect to the representation quality deals with 

the remaining manipulated variables, the damping factors 𝑑C,𝑖𝑗. Exemplarily, the damping fac-

tors at the front left 𝑑C,fl as well as at the rear right 𝑑C,rr are evaluated. The representation of 

the further damping factors features a similar characteristic. The damping factors 𝑑C,fl and 𝑑C,rr 

are plotted over time for the validation maneuver, analogous to the manipulated variables of the 

counter roll torques. The damping factors of the non-linear model-based predictive control 

Figure 5.3 Co-Active Neuro-Fuzzy Inference System Open-Loop Validation – Representation 
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𝑑Mpc,𝑖𝑗, which represent the reference variables, are illustrated by solid green lines. The damp-

ing factors resulting from the co-active neuro fuzzy inference system 𝑑Canfis,𝑖𝑗 are likewise rep-

resented by black dashed lines. The course of the damping factors 𝑑C,𝑖𝑗 is shown in Figure 5.4. 

Basically, the damping factors resulting from co-active neuro-fuzzy inference system can fol-

low the high dynamics of the damping factors resulting from the model-based predictive control 

only to a limited extent. In comparison to the representation of the counter roll torques, the 

quality of the representation is reduced in this case. 

In order to evaluate the representation quality in more detail, the deviations with respect to the 

damping factors ∆𝑑C,𝑖𝑗 are determined by 

∆𝑑C,𝑖𝑗 = 𝑑Mpc,𝑖𝑗 − 𝑑Canfis,𝑖𝑗. (5.58) 

These deviations are shown in Figure 5.5. The deviation with respect to the front left damping 

factor ∆𝑑C,fl is represented by a solid red line whereas the deviation with respect to the rear 

right damping factor ∆𝑑C,rr is illustrated by a dashed blue line. 

To evaluate the representation quality, the maximum absolute deviations for the damping fac-

tors are determined. The front left damping factor resulting from the co-active neuro-fuzzy in-

ference system leads to a maximum absolute deviation of 1.50316. The rear right damping fac-

tor determined by the co-active neuro-fuzzy inference system yields a maximum absolute de-

viation of 1.60937. 

 

Figure 5.4 Co-Active Neuro-Fuzzy Inference System Open-Loop Validation – Representation 

Quality: Top: Damping Factor Front Left; Bottom: Damping Factor Rear Right 
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To determine the representation quality for the entire driving maneuver, the root mean squared 

errors for the manipulated variables of the damping factors is determined analogous to the eval-

uation of the counter roll torques. The representation of the damping factor front left 𝑑C,fl results 

in a root mean squared error of 0.44991. In the case of the representation of the rear right damp-

ing factor 𝑑C,rr, the root mean squared error equals 0.44454.  

Table 5.7 provides a comprehensive overview of all manipulated variables in relation to the 

root mean squared errors and thus the representation quality for the validation maneuver. 

Table 5.7 Co-Active Neuro-Fuzzy Inference System Open-Loop Validation – Representation 

Quality: Root Mean Squared Errors 

Manipulated Variable RMSE 

Counter Roll Torque Front 𝑇C,f 0.00455 

Counter Roll Torque Rear 𝑇C,r 0.00498 

Damping Factor Front Left 𝑑C,fl 0.44991 

Damping Factor Front Right 𝑑C,fr 0.45004 

Damping Factor Rear Left 𝑑C,rl 0.43775 

Damping Factor Rear Right 𝑑C,rr 0.44454 

 

In addition, one metric for the representation quality of all six manipulated variables is deter-

mined. This is conducted by the mean root mean squared error which equals 0.29863. 

Figure 5.5 Co-Active Neuro-Fuzzy Inference System Open-Loop Validation – Representation 

Quality: Damping Factor Deviations 
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Computational Effort 

In order to evaluate the computational effort, both control algorithms are considered in a stand-

alone mode. For this purpose, the non-linear model-based predictive vehicle dynamics control 

as well as the co-active neuro-fuzzy inference system are integrated into separate models in 

MATLAB & Simulink. The evaluation of the calculation effort is likewise performed for the 

validation maneuver of the double lane change according to Table 5.6. 

The control algorithms are run on a computer with 128 GB random access memory. Further-

more an Intel core i7 – 6850K with a clock frequency of 3.60 GHz and 12 individual cores form 

the central processing unit. Additionally the computer is equipped with four graphics processing 

units of the type NVIDIA GeForce GTX 1080 Ti. Table 5.8 summarizes the specifications of 

the computer. 

Table 5.8 Co-Active Neuro-Fuzzy Inference System Open-Loop Validation – Hardware Setup 

Component Value 

Central Processing Unit 

Intel Core i7 – 6850K 

12 Cores 

3.60 GHz 

Graphics Processing Unit 4 NVIDIA GeForce GTX 1080 Ti 

Random Access Memory 128 GB 

 

To evaluate the computational effort, the runtime for the simulation, the utilization of the central 

processing unit and the required random access memory for the corresponding processes are 

determined. In total the driving maneuver is simulated for ten cycles to obtain averaged values 

and to compensate fluctuations. 

In a first step, the computational effort of the non-linear model-based predictive control is de-

termined and evaluated. The runtime required for the validation driving maneuver based on the 

model-based predictive control is 149.11552 s on average. The duration of the validation driv-

ing maneuver equals 20.01 s. Thus, the model-based predictive vehicle dynamics control leads 

to a simulation that takes about 7.45 times longer to run compared to its duration. During the 

execution of the vehicle dynamics control an average utilization of the central processing unit 

of 8.85567 % is present. The maximum central processing unit utilization, which occurred dur-

ing the execution, is in contrast 15.64100 %. In addition, the MATLAB & Simulink instance 

of the model-based predictive control occupies 2.43969 % of the random access memory. 

In the following the co-active neuro-fuzzy inference system is examined regarding the compu-

tational effort. The execution of the control based on the co-active neuro-fuzzy inference system 

during the validation maneuver results in an average runtime of 17.62074 s. In this case the 

execution of the vehicle dynamics control is approximately 1.14 times faster than the duration 

of the driving maneuver. The average utilization of the central processing unit for the control 
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by the co-active neuro-fuzzy inference system equals 8.43133 %. The maximum central pro-

cessing unit utilization that occurred during the execution of this control is 9.03775 %. Addi-

tionally the MATLAB & Simulink instance for the co-active neuro-fuzzy inference system uti-

lizes on average 2.44023 % of the random access memory. 

Table 5.9 provides an overview of the average values of the two vehicle dynamics control sys-

tems in terms of runtime, central processing unit utilization and random access memory alloca-

tion. 

Table 5.9 Vehicle Dynamics Control Open-Loop Validation – Computational Effort 

Control Algorithm Criterion Averaged Value Unit 

Co-Active Neuro-Fuzzy 

Inference System 

Central Processing Unit Utilization 

Random Access Memory Usage 

Runtime 

8.43133 

2.44023 

17.62074 

% 

% 

s 

Model-Based Predictive 

Control 

Central Processing Unit Utilization 

Random Access Memory Usage 

Runtime 

8.85567 

2.43969 

149.11552 

% 

% 

s 

 

5.3.3 Conclusion 

In conclusion of the open-loop validation, the representation quality of the counter roll torques 

𝑇C,𝑖 is very good with a mean root mean squared error of 0.00477. In contrast, the reproduction 

quality with respect to the damping factors 𝑑C,𝑖𝑗 is reduced in comparison to the reproduction 

quality with respect to the counter roll torques 𝑇C,𝑖 resulting in a mean root squared error of 

0.44556. A possible reason for this is the limited number of rules, which makes it difficult to 

adapt to the high dynamics of the non-linear model-based predictive control. The highly dy-

namic adjustments of the damping factors by the non-linear model-based predictive control 

result from the overall consideration of all control objectives and the objective to minimize the 

energy consumption of the actuators. The impact of these deviations on the control quality of 

the vehicle dynamics control is further validated for a closed-loop operation mode in Chapter 6. 

With focus on the computational effort, the use of the co-active neuro-fuzzy inference system 

results in a significant reduction compared to the non-linear model-based predictive control. 

The runtime is reduced by a factor of approximately 8.46. This reduction of the runtime is not 

achieved at the cost of the central processing unit utilization. Compared to the model-based 

predictive control the co-active neuro-fuzzy inference system also reduces the average utiliza-

tion of the central processing unit by a factor of 1.05. The maximum central processing unit 

utilization is even reduced by a factor of 1.73. Only the allocation of the random access memory 

is slightly increased by a factor of 1.00022 for the co-active neuro-fuzzy inference system. The 

reason for this is the usage of the consequence parameters within the co-active neuro-fuzzy 



122 5 Central Predictive Control 

 

inference system. However, the increase of the random access memory utilization remains neg-

ligibly small. The effects on the computational effort with respect to the integration in the entire 

co-simulation will be considered further in Chapter 6 for the closed-loop operation mode. 



 

 

6 Validation of the Hybrid State Estimation and Control 

Within this Chapter the hybrid methods of vehicle dynamics state esti-

mation and control are validated. For this purpose, first the validation 

maneuver, especially the fundamental track, is presented. Subsequently, 

the hybrid method of state estimation is validated individually. This is 

done in connection with the non-linear model-based predictive control 

in a first setup. The focus is on the estimation quality of the hybrid 

method. In a further Section the vehicle dynamics control based on the 

co-active neuro-fuzzy inference system is evaluated individually with re-

spect to the control quality. This evaluation is conducted in connection 

with the state estimation based on the physical models. The final Section 

is the validation of both hybrid methods in collaboration. For this pur-

pose the co-active neuro-fuzzy inference system is connected with the 

hybrid state estimation. The focus of this validation is mainly on the be-

havior of the holistic system with respect to malfunctions in input signals 

and the resulting disturbances. 

6.1 Validation Scenario 

For the closed-loop validation of the hybrid methods a part of the racetrack of the Hocken-

heimring is used. This choice of the validation scenario satisfies criteria necessary for the vali-

dation. The Hockenheimring racetrack was not included in the training data of the artificial 

neural networks respectively the co-active neuro-fuzzy system. Therefore, this validation sce-

nario represents unseen data for the hybrid methods. The course of the validation track is shown 

in Figure 6.1. 

Moreover, this validation maneuver poses additional challenges for the state estimation respec-

tively the control within the vehicle dynamics. Due to the characteristics of a racetrack, the 

limits of vehicle dynamics are likewise excited within this validation scenario. For example a 

maximum velocity of the vehicle during the validation maneuver equals approximately 

122.91 km/h. Moreover, a maximum longitudinal deceleration of about -6.59 m/s² is present. 
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In addition to the increased excitation of the vehicle dynamics, the validation maneuver presents 

an increased challenge to the task of state estimation and control with respect to the road prop-

erties. Especially the lateral road gradient represents a decisive factor. The validation maneuver 

features a maximum absolute lateral road gradient of 8 %. Figure 6.2 illustrates the course of 

the lateral road gradient for one lap on the Hockenheimring racetrack.  

Besides, the validation maneuver also exhibits longitudinal road gradients in the course of the 

track. There is a maximum absolute longitudinal road gradient of approximately 1.29 %. Both 

the extreme lateral road gradients as well as the presence of longitudinal road gradients within 

the track of the validation scenario exceed the characteristics prevailing in the training data as 

Figure 6.1 Validation Scenario – Hockenheimring 

Figure 6.2 Validation Scenario – Lateral Road Gradient 
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shown in Table 3.8. A summary regarding the track characteristics of the validation scenario is 

provided in Table 6.1. One lap on this part of the Hockenheimring equals 2,600 m.  

Table 6.1 Validation Scenario – Hockenheimring 

Parameter Value Unit 

Maximal Lateral Road Gradient 8.00000 % 

Minimal Lateral Road Gradient -8.00000 % 

Maximal Longitudinal Road Gradient 1.12561 % 

Minimal Longitudinal Road Gradient -1.28740 % 

Total Lap Length 2,600 m 

 

For the following validations, the simulated IPG driver is also included besides the state esti-

mation and the control in a closed-loop operation. 

6.2 Validation of the Hybrid State Estimation 

In the following, the hybrid method of state estimation is evaluated individually for the valida-

tion maneuver of the Hockenheimring racetrack. The focus is on the estimation quality. For this 

purpose the estimation quality is determined for the three targets of roll, pitch and side-slip 

behavior. In this Section, the non-linear model-based predictive control is used as the control 

algorithm. Table 6.2 summarizes the present setup. 

Table 6.2 Hybrid State Estimation Validation – Setup 

Task Method 

Control Non-Linear Model-Based Predictive Control 

State Estimation Hybrid State Estimation 

 

The Section concludes with a review of the results obtained. 

6.2.1 Roll Angle Estimation 

In a first step, the estimation quality of the hybrid method is determined concerning the roll 

behavior. The validation focuses on the estimation quality with respect to the roll angle. The 

evaluation of the estimation quality is first carried out qualitatively. For this purpose, the roll 

angle curves are plotted in the bottom part of Figure 6.3. In addition to the ground-truth roll 

angle and the roll angle estimated by the hybrid method, the representation is enhanced by the 

estimations purely based on the artificial neural network respectively the physical model. 
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The coloring is consistent with the open-loop validation in Chapter 4.3. The ground-truth roll 

angle 𝜑Meas is represented by a dotted red line, the roll angle resulting from the physical model 

𝜑P by a solid green line, the roll angle resulting from the artificial neural network 𝜑Ann by a 

fine dashed blue line and the roll angle based on the hybrid method 𝜑Est by a dashed black line. 

Here, only in certain areas the artificial neural network results in a higher estimation quality 

than the physical model. The physical model provides a higher estimation quality considering 

one run over the Hockenheimring racetrack. Due to the lack of excitations present at the 

Hockenheimring during the training of the artificial neural network, it is not capable to achieve 

a higher estimation quality for this unknown track compared to the physical model. Exactly this 

aspect is considered in the hybrid method of state estimation. The hybrid method relies almost 

exclusively on the physical model during the validation maneuver, except for individual situa-

tions. Only in phases of known excitation the artificial neural network is trusted.  

The confidence level 𝜏HSE, which reflects the confidence in the artificial neural network, is 

illustrated in the top part of Figure 6.3. By using the hybrid method the estimation quality can 

be enhanced compared to the two individual estimators. For a more detailed examination the 

deviations ∆𝜑𝑖 of the estimations to the ground truth roll angle according to (4.79) are shown 

in Figure 6.4. 

The hybrid method provides the best estimation quality over the whole maneuver. Furthermore, 

the artificial neural network as well as the physical model result in parts in noisy estimations. 

By using the unscented Kalman filter within the hybrid method, this noise is filtered so that an 

undistorted estimation is present. 
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Figure 6.3 Hybrid State Estimation Validation – Roll Behavior: Top: Confidence Level; Bot-

tom: Roll Angle Curves 
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For the quantitative evaluation of the estimation quality the root mean squared error is deter-

mined for the individual estimators by 

𝑅𝑀𝑆𝐸(𝜑Meas, 𝜑𝑖) =
√∑ (𝜑Meas(𝑘) − 𝜑𝑖(𝑘))

2𝑛
𝑘=1

𝑛
, 𝑖 𝜖 {Ann, Est, P}. (6.1) 

The assumption that the artificial neural network possesses the worst estimation quality is con-

firmed by the root mean squared errors. It results in a root mean squared error of 0.00929 rad, 

which is equivalent to 0.53228°. The physical model yields a root mean squared error of 

0.00563 rad, which corresponds to 0.32258°. By using the hybrid method the highest estimation 

quality is achieved with a root mean squared error of 0.00466 rad, which is equivalent to 

0.26700°. Table 6.3 lists these root mean squared errors. 

Table 6.3 Hybrid State Estimation Validation – Roll Angle Estimation Quality 

Estimation RMSE Unit 

Artificial Neural Network 0.00929 rad 

Hybrid State Estimation 0.00466 rad 

Physical Model 0.00563 rad 

 

Compared to the physical model, the hybrid method of state estimation increases the estimation 

quality by 17.23 %. In comparison with the artificial neural network there is even an improve-

ment of 49.84 %. 
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Figure 6.4 Hybrid State Estimation Validation – Roll Behavior: Roll Angle Deviations 
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6.2.2 Pitch Angle Estimation 

In the following Section, the estimation quality of the hybrid method concerning the pitch angle 

is evaluated for one lap on the Hockenheimring racetrack. The evaluation of the estimation 

quality is first done in a qualitative way. For this purpose, the pitch angle curves for one lap on 

the Hockenheimring are displayed in the bottom part of Figure 6.5.  

Whereas the physical model can estimate the entire course of the pitch angle well, the artificial 

neural network provides an insufficient estimation shortly after the start of the lap. The unrec-

ognized input data by the artificial neural network causes this incorrect estimation. Excluding 

this outlier at the beginning, the artificial neural network provides a valid state estimation. The 

hybrid method detects this outlier. Since the artificial neural network is supplied with com-

pletely unrecognized input data after the third second, the hybrid method relies almost exclu-

sively on the physical model. This is also indicated by the confidence level 𝜏HSE, which is il-

lustrated in the top part of Figure 6.5 for the lap at the Hockenheimring. Only at the beginning 

there is an increase in the confidence level, followed by nearly no confidence in the artificial 

neural network introduced by the outlier. 

Figure 6.5 Hybrid State Estimation Validation – Pitch Behavior: Top: Confidence Level; Bot-

tom: Pitch Angle Curves 
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A detailed consideration of the estimation quality is based on the deviations ∆𝜃𝑖 of the estima-

tions from the ground truth according to (4.78). For this purpose these deviations are plotted in 

Figure 6.6 for the validation maneuver. 

The physical model results in a higher estimation quality than the artificial neural network in 

terms of the entire validation maneuver. Besides the outlier, the artificial neural network esti-

mation exhibits an accurate estimation which outperforms the physical model partly. The esti-

mation obtained from the hybrid method is also almost completely based on the estimation of 

the physical model. Only at the beginning of the driving maneuver the artificial neural network 

is slightly more trusted. By using the unscented Kalman filter within the hybrid method, addi-

tionally noise within the estimations of the individual estimators is filtered. 

In order to evaluate the estimation quality also in a quantitative way, the root mean squared 

errors are determined for the individual estimators by 

𝑅𝑀𝑆𝐸(𝜃Meas, 𝜃𝑖) =
√∑ (𝜃Meas(𝑘) − 𝜃𝑖(𝑘))

2𝑛
𝑘=1

𝑛
, 𝑖 𝜖 {Ann, Est, P}. (6.2) 

The artificial neural network results in a root mean squared error of 0.00910 rad, which is 

equivalent to 0.52139°. The qualitative evaluation of the estimation quality is confirmed in this 

case in a quantitative way. The physical model exhibits a better estimation quality, which is 

shown by a root mean squared error of 0.00802 rad, which corresponds to 0.45951°. By using 

Figure 6.6 Hybrid State Estimation Validation – Pitch Behavior: Pitch Angle Deviations 
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the hybrid method, the estimation quality can be further increased. The hybrid method results 

in a root mean squared error of 0.00753 rad, which is equivalent to 0.43144°. Table 6.4 sum-

marizes the root mean squared errors of the individual estimators. 

Table 6.4 Hybrid State Estimation Validation – Pitch Angle Estimation Quality 

Estimation RMSE Unit 

Artificial Neural Network 0.00910 rad 

Hybrid State Estimation 0.00753 rad 

Physical Model 0.00802 rad 

 

By using the hybrid method the weakness of the artificial neural network in the estimation of 

the pitch angle for the unknown excitations is recognized and intercepted. Thus the estimation 

quality is improved through the hybrid method by 17.25 % compared to the artificial neural 

network. Due to the partial confidence in the artificial neural network in familiar vehicle dy-

namics segments, such as at the beginning of the lap, the hybrid method also leads to an im-

provement of the estimation quality of 6.11 % compared to the physical model. 

6.2.3 Side-Slip Angle Estimation 

The following Section focuses on the evaluation of the estimation quality of the hybrid method 

in the use case of the side-slip angle estimation. The evaluation is done first in a qualitative way 

analogous to the evaluation of the roll angle and pitch angle estimations. For this purpose the 

side-slip angle curves for one lap on the Hockenheimring racetrack are examined, which are 

plotted in the bottom part of Figure 6.7. 

Figure 6.7 Hybrid State Estimation Validation – Side-Slip Behavior: Top: Time Confidence 

Level; Bottom: Side-Slip Angle Curves 
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The artificial neural network results in a higher estimation quality than the physical model for 

the entire validation maneuver. Only at the beginning of the lap, at about the fourth second, the 

artificial neural network results in an incomprehensible estimation. The physical model can 

basically reproduce the dynamics, however it fails to reproduce the corresponding amplitudes 

of the side-slip angle estimation due to the dynamic excitations present during the lap at the 

Hockenheimring racetrack. These excitations have already been recognized at least partially 

within the training of the artificial neural network. This is evident considering the confidence 

level 𝜏HSE, which is illustrated in the top part of Figure 6.7. 

Compared to the roll angle and pitch angle estimation, there is a higher confidence level for the 

whole lap with respect to the side-slip angle estimation. The hybrid method therefore trusts the 

artificial neural network more than in the previous applications. In the critical situation at the 

beginning of the driving maneuver, however, the artificial neural network is not trusted, so that 

this invalid estimation of the artificial neural network is intercepted by the hybrid method. This 

is also shown in the detailed consideration of the side-slip angle deviations ∆𝛽𝑖 according to 

(4.79) in Figure 6.8.  

The estimation by the artificial neural network is affected by noise again. The hybrid method, 

which still relies on the physical model in most instances, does not result in a noisy estimation 

similar to the previous applications within the roll angle and pitch angle estimation, which is 

due to the use of the unscented Kalman filter. Taking into account the depicted deviations, a 

higher confidence in the artificial neural network for this particular case would result in a higher 

estimation quality of the hybrid method. An outlook on the impact of the characteristic value 

𝑝max used within the determination of the confidence level 𝜏HSE on the estimation is critically 

examined in Chapter 7.3. 

Figure 6.8 Hybrid State Estimation Validation – Side-Slip Behavior: Side-Slip Angle Devia-

tions 
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In addition to the qualitative evaluation, the estimation quality is evaluated analogous to the 

previous evaluations in a quantitative way by the root mean squared error: 

𝑅𝑀𝑆𝐸(𝛽Meas, 𝛽𝑖) =
√∑ (𝛽Meas(𝑘) − 𝛽𝑖(𝑘))

2𝑛
𝑘=1

𝑛
, 𝑖 𝜖 {Ann, Est, P}. (6.3) 

The physical model results in the worst estimation quality, which is also confirmed by the larg-

est root mean squared error of 0.00447 rad, which corresponds to 0.25611°. The artificial neural 

network yields a root mean squared error of 0.00170 rad, which is equivalent to 0.09740°. The 

artificial neural network possesses the highest estimation quality. Due to the partial confidence 

in the artificial neural network, the hybrid method results in a root mean squared error of 

0.00428 rad, which corresponds to 0.24523°. Table 6.5 summarizes the estimation quality of 

the individual estimators in relation to the side-slip angle estimation concerning the root mean 

squared errors. 

Table 6.5 Hybrid State Estimation Validation – Side-Slip Angle Estimation Quality 

Estimation RMSE Unit 

Artificial Neural Network 0.00170 rad 

Hybrid State Estimation 0.00428 rad 

Physical Model 0.00447 rad 

 

By using the hybrid method, the estimation quality can be improved by 4.25 % compared to an 

estimation based purely on the physical model. With a higher confidence in the artificial neural 

network, the existing potential of increasing the estimation quality by additional 60.28 % could 

be further exploited by the hybrid method. 

6.2.4 Conclusion 

In conclusion of this first part of the closed-loop validation with focus on the hybrid method of 

state estimation, the use of the hybrid method can further improve the estimation quality while 

preserving reliability. The validation of the hybrid method is deliberately done against the in-

dividual estimators to allow them to be contrasted. The integration of the physical model into 

an observer or a filter probably would increase its estimation quality, however, it is subordinated 

to the objective of a direct comparison. The results obtained highlight and confirm the working 

principle of the hybrid method. These results can be divided into two categories. 

The first category comprises the application cases of roll and pitch angle estimation. The dy-

namic excitations of the roll and pitch behavior present during the validation maneuver, a lap 

on the Hockenheimring racetrack, were only included to a marginal extent in the training data 
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for the artificial neural network estimators. Therefore, this leads to rather small confidence lev-

els within the hybrid state estimators. For this reason, the confidence of the hybrid methods is 

mainly based on the physical models with respect to the reliability. However, in the few cases 

of excitations that the artificial neural networks have encountered during training, the confi-

dence levels in the artificial neural network estimators are raised. Since in these well-known 

segments, the artificial neural networks result in estimations of higher quality than the physical 

model. Therefore, an even higher estimation quality is achieved by the hybrid method compared 

to the individual state estimators. 

The second category is represented by the application case of the side-slip angle estimation. In 

comparison to the application cases of rolling and pitching, the excitations regarding the side-

slip angle were encountered more often during the training of the artificial neural network. This 

is indicated by the increased confidence level. However, the hybrid method basically trusts the 

physical state estimator more than the artificial neural network during the whole validation ma-

neuver with regard to reliability. The state estimation based on the artificial neural network thus 

features unexploited potential, which is subordinated to the objective of reliability and thus 

neglected by a conservative interpretation of the hybrid method with respect to the determina-

tion of the confidence level. This reveals the influence of the characteristic value 𝑝max, which 

is used for the determination of the confidence level. If this characteristic value is reduced, the 

confidence in the artificial neural network is increased, thus the estimation quality of the hybrid 

method could be further enhanced. Similar to the first category, this would allow the hybrid 

method to achieve an even higher estimation quality than those of the individual estimators. 

The impact of the choice of this characteristic value is further discussed in Chapter 7.3. 

6.3 Validation of the Central Predictive Vehicle Dynamics Control 

In the following Section the hybrid method of predictive vehicle dynamics control in a closed-

loop operation mode is evaluated individually. The evaluation is based again on one lap on the 

Hockenheimring racetrack. The central predictive vehicle dynamics control is in closed-loop 

operation within this Section along with the physical state estimators. The evaluation is done 

with regard to the control quality as well as the computational effort. Table 6.6 provides an 

overview of the current setup. 

Table 6.6 Central Predictive Vehicle Dynamics Control Validation – Setup 

Task Method 

Control Co-Active Neuro-Fuzzy Inference System 

State Estimation Physical Model 
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The Section closes with a conclusion on the results achieved by the utilization of the hybrid 

method for the vehicle dynamics control. 

6.3.1 Control Quality 

In the first step the control quality of the central predictive vehicle dynamics control is deter-

mined. For this purpose the domains of roll, pitch and self-steering are considered. In addition 

to the comparison between the non-linear model-based predictive control and the control based 

on the co-active neuro-fuzzy inference system, the behavior of the test vehicle equipped with 

passive chassis elements and thus without vehicle dynamics control is considered. 

Roll Behavior 

The control of the roll behavior is the main control objective of the central predictive vehicle 

dynamics control. To achieve this objective the roll angle is controlled. To evaluate the control 

quality, the course of the roll angle for one lap on the Hockenheimring is analyzed. This is 

illustrated in Figure 6.9.  

A dotted red line illustrates the reference trajectory of the roll angle 𝜑Ref for the validation 

maneuver. The roll angle 𝜑Mpc resulting from the non-linear model-based predictive control is 

represented by a solid green line. In addition, Figure 6.9 depicts the roll angle course 𝜑Pas of 

the test vehicle, which results from a passive chassis without a vehicle dynamics control. A blue 

fine dashed line represents this course 𝜑Pas. A dashed black line indicates the roll angle 𝜑Canfis 

resulting from the co-active neuro-fuzzy inference system. 
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Figure 6.9 Central Predictive Vehicle Dynamics Control Validation – Roll Behavior: Roll 
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The reference trajectory of the roll angle 𝜑Ref provides a reduction of about 75 % compared to 

the roll angle of the passive vehicle 𝜑Pas regarding the whole validation maneuver. Both the 

roll angle 𝜑Mpc resulting from the non-linear model-based predictive control and the roll angle 

𝜑Canfis resulting from the co-active neuro-fuzzy inference system follow the reference trajec-

tory 𝜑Ref without any noticeable deviation. In order to evaluate the control qualities in more 

detail, the control deviations ∆𝜑𝑖 are determined by 

∆𝜑𝑖 = 𝜑Ref − 𝜑𝑖, 𝑖 𝜖 {Canfis,Mpc}. (6.4) 

The control deviations resulting from the control algorithms are shown in Figure 6.10. The color 

scheme remains consistent. 

Both control algorithms exhibit an excellent control quality. Based on the qualitative analysis, 

the non-linear model-based predictive control shows a slightly better control quality. This is 

confirmed by examining the maximum absolute control deviations. The non-linear model-based 

predictive control results in a maximum absolute control deviation of 0.00162 rad, which cor-

responds to 0.09282°. In contrast, the co-active neuro-fuzzy inference system results in a max-

imum absolute control deviation of 0.00299 rad, which is equivalent to 0.17131°. 

In order to evaluate the control quality in a quantitative way for the entire validation maneuver, 

the root mean squared error is utilized: 

𝑅𝑀𝑆𝐸(𝜑Ref, 𝜑𝑖) =
√∑ (𝜑Ref(𝑘) − 𝜑𝑖(𝑘))

2𝑛
𝑘=1

𝑛
, 𝑖 𝜖 {Canfis,Mpc}. (6.5) 

The non-linear model-based predictive control results in a root mean squared error of 

0.00058 rad corresponding to 0.03323°. The predictive vehicle dynamics control based on the 
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co-active neuro-fuzzy inference system yields a root mean squared error of 0.00068 rad, which 

is equivalent to 0.03896°. Table 6.7 highlights the root mean squared errors of both predictive 

vehicle dynamics control algorithms. 

Table 6.7 Central Predictive Vehicle Dynamics Control Validation – Roll Behavior Control 

Quality 

Estimation RMSE Unit 

Co-Active Neuro-Fuzzy Inference 

System 
0.00068 rad 

Model-Based Predictive Control 0.00058 rad 

 

Considering the whole validation maneuver, the non-linear model-based predictive control pos-

sesses a slightly better control quality. In principle, however, both control algorithms feature an 

outstanding control quality with regard to the roll behavior. The co-active neuro-fuzzy inference 

system is able to reproduce the non-linear model-based predictive control in a sufficient quality 

with regard to the roll behavior. 

Pitch Behavior 

In the following, the hybrid method of vehicle dynamics control is evaluated with respect to the 

pitch behavior. Here the control objective of the central predictive control is the reduction of 

pitching movements. Compared to the control of the roll behavior the reduction of pitching 

movements is a secondary objective. For the evaluation, first of all the arising pitch angle 

courses for one lap on the Hockenheimring are evaluated. The pitch angle curves are illustrated 

in Figure 6.11. 
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In principle, due to the current equipment of the vehicle with active stabilizers and semi-active 

dampers in combination with the prioritization of the objectives of the central predictive vehicle 

dynamics control, only a reduction of pitching movements is feasible. For this reason, a constant 

pitch angle is preset for the reference value 𝜃Ref. 

The evaluation of the pitch reduction of the central predictive vehicle dynamics control algo-

rithms is conducted in comparison to the pitch angle course of the vehicle equipped with a 

passive chassis. The non-linear model-based predictive control results in a pitch reduction for 

negative pitch angles. In the segment of positive pitch angles, however, there is no permanent 

reduction of the pitch angle. Sometimes even larger pitch angles are generated than in the pas-

sive pitch angle course. This is due to the prioritization of the control targets in the cost function 

of the non-linear model-based predictive control. 

In contrast, the co-active neuro-fuzzy inference system performs a reduction of pitching move-

ments for both positive and negative pitch angles. This results from the deviations in the damp-

ing factors which have already been investigated and highlighted in Section 5.3. Basically, the 

damping factors of the semi-active dampers serve as the main influencing factor on the pitch 

behavior. 

In order to confirm this, the reduction of the pitch behavior is analyzed in detail by the control 

deviations: 

∆𝜃𝑖 = 𝜃Ref − 𝜃𝑖 , 𝑖 𝜖 {Canfis,Mpc}. (6.6) 

The control deviations are plotted for this purpose additionally in Figure 6.12 for the validation 

maneuver. 
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This representation verifies that the co-active neuro-fuzzy inference system results in a higher 

reduction of the pitch behavior than the non-linear model-based predictive control. The maxi-

mum absolute deviation in the pitch angle for the co-active neuro-fuzzy inference system of 

0.02267 rad is also significantly lower than that of the non-linear model-based predictive con-

trol of 0.04885 rad, which corresponds to 1.29890° for the co-active neuro-fuzzy inference sys-

tem and 2.79890° for the non-linear model-based predictive control. 

The root mean squared error is used for the further quantitative evaluation of the entire valida-

tion maneuver: 

𝑅𝑀𝑆𝐸(𝜃Ref, 𝜃𝑖) =
√∑ (𝜃Ref(𝑘) − 𝜃𝑖(𝑘))

2𝑛
𝑘=1

𝑛
, 𝑖 𝜖 {Canfis,Mpc}. (6.7) 

In principle, the root mean squared errors and the deviations in general are larger for this control 

objective than for the ones achieved for the roll behavior due to the already described influence 

factors. 

The non-linear model-based predictive control results in a root mean squared error of 

0.01023 rad, which is equivalent to 0.58614°. In contrast the co-active neuro-fuzzy inference 

system yields a root mean squared error of 0.00651 rad corresponding to 0.37300°. Table 6.8 

provides a summary over the root mean squared errors of the two central predictive control 

algorithms. 

Table 6.8 Central Predictive Vehicle Dynamics Control Validation – Pitch Behavior Control 

Quality 

Estimation RMSE Unit 

Co-Active Neuro-Fuzzy Inference 

System 
0.00651 rad 

Model-Based Predictive Control 0.01023 rad 

 

Both central predictive control algorithms perform a reduction of the pitch behavior. The non-

linear model-based predictive control reduces pitching movements by 5.01 % compared to a 

vehicle with passive chassis. The co-active neuro-fuzzy inference system even reduces pitching 

movements by 39.55 %. These differences are caused by the deviations in the manipulated 

variables of the damping factors shown in Chapter 5.3.2, which represent the main influencing 

factors in terms of the pitch behavior. 

Self-Steering Behavior 

The third objective of the central predictive vehicle dynamics control is the manipulation of the 

self-steering behavior. In comparison to the control of the roll behavior, this control objective 

is a secondary objective just like the objective of the pitch reduction. For the evaluation of the 
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self-steering behavior, a pseudo quantity �̃�𝑖 is used in the following for reasons of presentation. 

This pseudo quantity �̃�𝑖 describes the difference between the mean slip angles of the front and 

rear axle: 

�̃�𝑖 = 𝛼f,𝑖 − 𝛼r,𝑖 = 𝑎𝑦 𝑆𝑆𝐺𝑖 , 𝑖 𝜖 {Canfis,Mpc, Pas, Ref}. (6.8) 

�̃�𝑖 thus represents the product of the self-steering gradient 𝑆𝑆𝐺𝑖 and the lateral acceleration 𝑎𝑦. 

In a first step, the course of the pseudo quantity �̃�𝑖 is evaluated for one lap on the Hocken-

heimring racetrack. This representation suggests the impression of a dynamic reference quan-

tity, which is due to the variability in the lateral acceleration 𝑎𝑦. Analogous to the control ob-

jective of the pitch reduction, a constant reference value 𝑆𝑆𝐺Ref is also present here. 

The courses of the pseudo quantities �̃�𝑖 are illustrated in Figure 6.13. 

In general, the courses of the pseudo quantity �̃�𝑖 resulting from the two central predictive con-

trols do not differ significantly from the course resulting from the vehicle with passive chassis. 

The prioritization of the control targets is relevant here as well as the possibility of only indirect 

influence analogous to the area of pitch reduction. 

For a detailed analysis the control deviations converted to the pseudo quantity ∆�̃�𝑖 are deter-

mined by 

∆�̃�𝑖 = �̃�Ref − �̃�𝑖 , 𝑖 𝜖 {Canfis,Mpc}. (6.9) 

These converted control deviations ∆�̃�𝑖 are plotted in Figure 6.14. 
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In the detailed analysis there are almost no differences between the curves resulting from the 

non-linear model-based predictive control ∆�̃�Mpc and the co-active neuro-fuzzy inference sys-

tem ∆�̃�Canfis. With regard to the influencing variables of the self-steering behavior, which are 

mainly realized by the distribution of the counter roll torques between the front and the rear 

axle, the evaluation presented in Section 5.3 is confirmed. Already during the open-loop vali-

dation an excellent representation quality with respect to the manipulated variables of the coun-

ter roll torques are determined. 

This is also confirmed by the observation of the maximum absolute control deviations, which 

are nearly equal. The non-linear model-based predictive control yields a maximum absolute 

control deviation of 0.01223 rad corresponding to 0.70073°. In contrast the co-active neuro-

fuzzy inference system results in a maximum absolute control deviation of 0.01237 rad, which 

is equivalent to 0.70875°. 

The quantitative evaluation of the control quality is done consistently by considering the root 

mean squared errors: 

𝑅𝑀𝑆𝐸(�̃�Ref, �̃�𝑖) =
√∑ (�̃�Ref(𝑘) − �̃�𝑖(𝑘))

2𝑛
𝑘=1

𝑛
, 𝑖 𝜖 {Canfis,Mpc}. (6.10) 

The impression is confirmed that both control systems achieve almost identical results with 

regard to the self-steering behavior, which has already been obtained by the qualitative evalua-

tion. The non-linear model-based predictive control results in a root mean squared error of 

0.00150 rad, which corresponds to 0.08594°. The root mean squared error obtained through the 

co-active neuro-fuzzy inference system amounts to 0.00158 rad, which is equivalent to 
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0.09053°. Table 6.9 highlights the root mean squared errors resulting from the two central pre-

dictive control algorithms. 

The principal factor influencing the control quality in relation to the self-steering behavior is 

the weighting of the control objectives within the cost function of the non-linear model-based 

predictive control. In the context of this thesis the segment of self-steering behavior represents 

a minor control objective. 

Table 6.9 Central Predictive Vehicle Dynamics Control Validation – Self-Steering Behavior 

Control Quality 

Estimation RMSE Unit 

Co-Active Neuro-Fuzzy Inference 

System 
0.00158 rad 

Model-Based Predictive Control 0.00150 rad 

 

6.3.2 Computational Effort 

Besides the consideration of the control quality, the evaluation of the computational effort is an 

important aspect of the validation. The reduction of the computational effort by the co-active 

neuro-fuzzy inference system is the main reason for the implementation of this hybrid method. 

Analogous to the evaluation of the computational effort in the context of the open-loop valida-

tion in 5.3, the following Section determines and compares the quantities of the runtime, the 

utilization of the central processing unit as well as the usage of the random access memory for 

both central predictive control algorithms. The results within this Section represent values av-

eraged over ten simulations of one lap of the Hockenheimring racetrack. The hardware used is 

identical to the one used for the open-loop validation, which is listed in Table 5.8.  

In the first step the computational effort is determined regarding the non-linear model-based 

predictive control. The average runtime for one lap on the Hockenheimring racetrack involving 

the non-linear model-based predictive control is 947.58160 s. With an original duration of the 

validation maneuver of 130.8 s, the simulation including the non-linear model-based predictive 

control takes about 7.24 times longer. During the execution of the central predictive control an 

average central processing unit utilization of 9.94958 % is present. The maximum utilization 

of the central processing unit within all runs equals 13.54167 %. Moreover, an average random 

access memory usage of 2.44773 % occurs. 

In contrast, the co-active neuro-fuzzy inference system results in an average runtime for one 

lap at the Hockenheimring racetrack of 102.10748 s. Thus, during the execution of the co-active 

neuro-fuzzy inference system a simulation is conducted, which is about 1.28 times faster than 

the original duration. The average utilization of the central processing unit is 8.33283 %. Within 

all ten runs a maximum central processing unit utilization of 9.11783 % is present. The average 



142 6 Validation of the Hybrid State Estimation and Control 

 

usage of the random access memory during the execution of the co-active neuro-fuzzy inference 

system equals 2.45411 %. 

An overview of the averaged quantities in relation to the runtime, the central processing unit 

utilization and the random access memory usage for the two central predictive vehicle dynamic 

controls is provided in Table 6.10. 

Table 6.10 Central Predictive Vehicle Dynamics Control Validation – Computational Effort 

Control Algorithm Criterion Averaged Value Unit 

Co-Active Neuro-Fuzzy 

Inference System 

Central Processing Unit Utilization 

Random Access Memory Usage 

Runtime 

8.33283 

2.45411 

102.10748 

% 

% 

s 

Model-Based Predictive 

Control 

Central Processing Unit Utilization 

Random Access Memory Usage 

Runtime 

9.94958 

2.44773 

947.58160 

% 

% 

s 

 

6.3.3 Conclusion 

In conclusion, the hybrid method of vehicle dynamics control can be evaluated with respect to 

its general objective. By using the co-active neuro-fuzzy inference system, the computational 

effort of the central predictive vehicle dynamics control based on the non-linear model-based 

predictive control algorithm has to be reduced while preserving the control quality. 

At first the focus is on the control quality regarding the hybrid method of vehicle dynamics 

control. For this purpose, the relative deviations with respect to the control quality in terms of 

the root mean squared errors between the non-linear model-based control and the control based 

on the co-active neuro-fuzzy inference system are determined. These relative deviations are 

related to the mean absolute value of the respective reference variables. 

For the control of the roll behavior a reduction of the control quality by the co-active neuro-

fuzzy inference system of 1.02 % results. Concerning the control of the self-steering behavior, 

the application of the hybrid method results in a reduction of the control quality by 3.81 %. The 

absolute control deviations for these two control objectives are minimal, so that the control 

quality is still preserved by the use of the co-active neuro-fuzzy inference system. With regard 

to the control objective of reducing pitching movements, an even larger reduction is achieved 

by using the hybrid method of vehicle dynamics control. Compared to the non-linear model-

based predictive control, the co-active neuro-fuzzy inference system reduces pitching move-

ments even more by 37.20 %. This improvement, however, is not a systematic advantage but 

results from the deviations in the representation of the damping factors, as presented in Chapter 

5.3.2. 

In general, the hybrid method for vehicle dynamics control allows the co-active neuro-fuzzy 

inference system to map the non-linear model-based predictive control while preserving the 
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control quality. The characteristic of the central predictive vehicle dynamics control is thus 

preserved.  

The second decisive characteristic with regard to the implementation of the hybrid method of 

vehicle dynamics control is the reduction of the computational effort. As with the open-loop 

validation, this is also accomplished successfully in the case of the closed-loop validation. By 

using the co-active neuro-fuzzy inference system as the central predictive vehicle dynamics 

control algorithm, the runtime is reduced by a factor of 9.28 compared to the non-linear model-

based predictive control. This is not accompanied by an increase of the computational effort in 

relation to the central processing unit utilization. In contrast to this the utilization of the central 

processing unit is even reduced by using the co-active neuro-fuzzy inference system. In com-

parison to the non-linear model-based predictive control the average central processing unit 

utilization is reduced by a factor of 1.19 and the maximum utilization of the central processing 

unit even by a factor of 1.49. In analogy to the results of the open-loop validation, only the 

memory requirement in the form of the random access memory usage increases by a factor of 

1.00261 for the use of co-active neuro-fuzzy inference system. This slight increase results from 

the utilization of the premise and consequence parameters. However, the increase remains neg-

ligibly small. 

In conclusion, the hybrid method of vehicle dynamics control, in other words the mapping of 

the non-linear model-based predictive control by the co-active neuro-fuzzy inference system, 

is able to reduce the computational effort significantly without deteriorating the control quality 

of the central predictive vehicle dynamics control. 

6.4 Collaborative Validation of the Hybrid Methods 

In the following final Section of the validation the two hybrid methods of state estimation and 

vehicle dynamics control are evaluated in simultaneous application. The hybrid state estimation 

thus works in collaboration with the co-active neuro fuzzy inference system. The validation is 

performed in closed-loop operation mode for one lap on the Hockenheimring racetrack. The 

focus of the validation of this collaborative setup is on an aggravated validation scenario. This 

includes failures of input variables into the state estimators based on artificial neural networks. 

The Section is closed with a conclusion on the obtained results regarding the aggravated cir-

cumstances in this special validation scenario. 

Table 6.11 summarizes the setup within the collaborative validation scenario. 

Table 6.11 Collaborative Validation – Setup 

Task Method 

Control Co-Active Neuro-Fuzzy Inference System 

State Estimation Hybrid Method 
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6.4.1 Aggravated Validation Scenario 

For the evaluation of the collaborative setup of both hybrid methods, the validation scenario 

based on the lap at the Hockenheimring is made especially challenging. For this purpose two 

failures of input signals are simulated. The input signals are limited to signals into the artificial 

neural networks, which are used within the state estimation. 

First, a failure into the artificial neural network for the estimation of the pitch behavior is sim-

ulated. The input variable used for this is the time derivative of the velocity 
𝑑𝑣

𝑑𝑡
. The failure 

occurs at the third second, afterwards this input signal is not available. The second input varia-

ble for which a failure is simulated is the mean wheel speed �̅�V. This variable is used as an input 

quantity into the artificial neural network for the estimation of the side-slip angle. The failure 

occurs at second 21. After each failure, the corresponding signals are characterized by “Not a 

Number”. 

Table 6.12 provides an overview of the aggravated validation scenario with regard to the input 

signal failures. 

Table 6.12 Collaborative Validation – Aggravated Scenario 

Estimation Target Signal Malfunction Time 

Pitch Behavior Time Derivative of the Velocity 
𝑑𝑣

𝑑𝑡
 Failure Second 3 

Side-Slip Angle Average Wheel Speed �̅�V Failure Second 21 

 

In the following, the impact of the signal failures on the three target quantities of the central 

predictive vehicle dynamics control is evaluated. 

Roll Behavior 

The evaluation of the control quality with respect to the roll behavior for this aggravated sce-

nario is first performed qualitatively. For this purpose the roll angle curves for the lap on the 

Hockenheimring are evaluated. These curves are shown in the bottom part of Figure 6.15. 

The reference trajectory for the roll angle control 𝜑Ref is represented by a dotted red line. The 

roll angle curve 𝜑P,Mpc resulting from the state estimation based on the physical model in com-

bination with the non-linear model-based predictive control is displayed by a solid green line. 

This curve 𝜑P,Mpc is generated without sensor failures. Additionally, the roll angle 𝜑Pas result-

ing from the vehicle with passive chassis is illustrated by a fine dashed blue line. The roll angle 

curve 𝜑Est,Canfis resulting from the hybrid method of state estimation in combination with the 

control by the co-active neuro-fuzzy inference system is represented by a dashed black line. 
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In principle both setups based on state estimation and control 𝜑P,Mpc and 𝜑Est,Canfis follow the 

reference trajectory 𝜑Ref. Whereas at the points of time of the signal failures at second 3 re-

spectively 21 there are no direct effects recognizable due to the control by the co-active neuro-

fuzzy inference system, partly larger deviations from the reference trajectory result in the fur-

ther course of the validation maneuver.  

The functionality of the hybrid state estimation remains unaffected by the signal failures, so 

that a valid state estimation is available for the entire lap on the Hockenheimring. However, the 

changed situation is recognized by the hybrid method. This is illustrated by the very poor con-

fidence level 𝜏HSE, which is shown in the top part of Figure 6.15. 

For a detailed evaluation of the hybrid methods, the deviations from the reference value ∆𝜑𝑖 

for both setups according to (6.4) are determined. These deviations are shown in Figure 6.16. 

The coloring remains consistent so that the setup based on the non-linear model-based predic-

tive control in combination with the physical state estimation is represented by a solid green 

line and the setup based on the co-active neuro-fuzzy inference system and the hybrid method 

of state estimation is represented by a dashed black line. 

By this detailed examination minimal impacts of the signal failures on the control by the co-

active neuro-fuzzy inference system are evident. Both at second 3 and at second 21 small 

changes in the course of the deviation ∆𝜑Est,Canfis occur. Subsequently, partly larger deviations 

occur in the course of the validation maneuver. This results in a maximum absolute deviation 

of 0.02480 rad for the setup based on both hybrid methods, which corresponds to 1.42094°. In 

comparison, the maximum absolute deviation for the setup based on the purely physical models 

is 0.00162 rad, which is equivalent to 0.09282°.  
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In order to evaluate both setups also in a quantitative way, the root mean squared errors accord-

ing to (6.5) are determined. The setup based on the non-linear model-based predictive control 

and the state estimation using the physical model results in a root mean squared error of 

0.00058 rad, corresponding to 0.03323°. The setup based on the co-active neuro-fuzzy infer-

ence system and the hybrid state estimation results in a root mean squared error of 0.00293 rad, 

which is equivalent to 0.16788°. Table 6.13 summarizes the root mean squared errors for both 

setups. 

Table 6.13 Collaborative Validation – Roll Behavior Control Quality 

Control Estimation RMSE Unit 

Hybrid State 

Estimation 

Co-Active Neuro-Fuzzy  

Inference System 
0.00293 rad 

Physical Model Model-Based Predictive Control 0.00058 rad 

 

Basically the collaborative approach of the two hybrid methods results in a slightly worse con-

trol quality than the initial setup based on the pure physical models. In contrast, this collabora-

tive approach guarantees a reliable function of the vehicle dynamics control and state estimation 

despite the failure of sensor signals, which have a direct influence on the central predictive 

control and thus also on the roll behavior. In general an adequate control quality is still available 

for this aggravated validation scenario. 

Pitch Behavior 

The second area of validation of the collaborative setup for the aggravated scenario is the con-

sideration of the pitch behavior. The reduction of pitching movements is a secondary objective 
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of the central predictive control. In the area of state estimation, a direct influence of the signal 

failure in terms of the time derivative of the velocity acts as an additional hazard.  

The impact of the signal failure on the mode of operation of the collaborative setup consisting 

of co-active neuro-fuzzy inference system and the hybrid state estimation is first qualitatively 

evaluated. For this purpose, the resulting pitch angle 𝜃Est,Canfis is plotted in the bottom part of 

Figure 6.17. The further pitch angle curves 𝜃P,Mpc, 𝜃Ref and 𝜃Pas are not affected by the sensor 

failures. 

The signal failure occurs at the third second. The hybrid method of state estimation detects the 

signal failure and handles it. This results in a valid state estimation for the whole validation 

maneuver. The functionality of the hybrid state estimation is also shown by the confidence level 

𝜏HSE, which is permanently 𝜏HSE = 0 after the third second. The course of the confidence level 

𝜏HSE is illustrated in the top part of Figure 6.17.  

In the course of the validation maneuver, however, the signal failures slightly affect the central 

predictive control based on the co-active neuro-fuzzy inference system with respect to the re-

duction of the pitch angle. This becomes especially obvious by the deviation at second 55. 

To evaluate the impact of the aggravated scenario on the collaborative setup in more detail, the 

deviations from the reference value 𝜃Ref are determined according to (6.6). These deviations 

are illustrated for the setup based on the purely physical models and the setup of the two hybrid 

methods for the validation maneuver in Figure 6.18.  
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In principle, both central predictive control setups reduce the pitch behavior. However, analo-

gous to the results obtained in Section 6.3.1, the co-active neuro-inference system again yields 

a stronger reduction of the pitch behavior. An exception is the period around second 55. 

The maximum absolute deviation resulting from the non-linear model-based predictive control 

in combination with the state estimation based on the physical model equals 0.04885 rad, cor-

responding to 2.79890°. The collaborative setup of the co-active neuro-fuzzy inference system 

in combination with the hybrid state estimation results in a maximum absolute error of 

0.03212 rad, which is equivalent to 1.84034°. 

The further quantitative evaluation is based on the root mean squared errors according to (6.7). 

The purely physical setup results in a root mean squared error of 0.01023 rad, which corre-

sponds to 0.58614°. The root mean squared error resulting from the collaborative setup of the 

two hybrid methods equals 0.00790 rad, which is equivalent to 0.45264°. The quantitative eval-

uation thus confirms that the co-active neuro-fuzzy inference system also achieves a greater 

pitch reduction within the collaborative setup compared to the purely physical setup with the 

non-linear model-based predictive control. A summary regarding the root mean squared errors 

for both setups is provided in Table 6.14. 

Table 6.14 Collaborative Validation – Pitch Behavior Control Quality 

Control Estimation RMSE Unit 

Hybrid State 

Estimation 

Co-Active Neuro-Fuzzy  

Inference System 
0.00790 rad 

Physical Model Model-Based Predictive Control 0.01023 rad 
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Figure 6.18 Collaborative Validation – Pitch Behavior: Pitch Angle Deviations 
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In general, despite the failure of input signals, a continuously valid state estimation is achieved 

in the collaborative setup of the hybrid method. This provides the foundation for a successful 

reduction of pitching movements in relation to the central predictive control by the co-active 

neuro-fuzzy inference system. The influence of the signal failures is only visible in the period 

around second 55. Nevertheless, the collaborative setup reduces the pitching movements over 

the whole validation maneuver significantly more than the setup based on non-linear model-

based predictive control and the state estimation by the physical model. 

Self-Steering Behavior 

In the following, the collaborative setup composed of the two hybrid methods is evaluated for 

the control objective of manipulating the self-steering behavior within the aggravated scenario. 

The signal failure of the mean wheel speed �̅�V for the estimation of the side-slip angle in par-

ticular affects the self-steering behavior. The signal failure occurs at second 21, the artificial 

neural network for state estimation is thus no longer able to estimate the side-slip angle. By 

using the hybrid method this critical situation is detected and handled. This is demonstrated by 

the side-slip angle course resulting from the hybrid method of state estimation. The side-slip 

angle course is shown in the top part of Figure 6.19. 

Despite the failure of the input signal, the hybrid method provides a continuously valid estima-

tion of the side-slip angle. Moreover, no overshooting is present in the estimated side-slip angle 

at the time of the failure even with the closed-loop characteristic comprising the co-active 

neuro-fuzzy inference system. 

0 20 40 60 80 100 120 

Figure 6.19 Collaborative Validation – Self-Steering Behavior: Top: Estimated Side-Slip An-

gle; Middle: Confidence Level; Bottom: Slip Angle Difference Curves 
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The functionality of the hybrid method is confirmed by the course of the confidence level 𝜏HSE 

in the middle part of Figure 6.19. Whereas before the sensor failure the artificial neural network 

is partially trusted, the signal failure is correctly detected at the time of second 21 and the con-

fidence level is then set to 𝜏HSE = 0. Consequently, the artificial neural network is no longer 

trusted from this point on as it completely fails to estimate the side-slip angle. As a result, the 

foundation for a successful manipulation of the self-steering behavior is created by using the 

hybrid method of state estimation.  

In the following the focus is on the central predictive vehicle dynamics control by the co-active 

neuro-fuzzy inference system concerning the self-steering behavior. To determine the control 

quality, the courses of the pseudo quantity �̃�𝑖 for the validation maneuver are illustrated accord-

ing to (6.8). The courses resulting from the two setups �̃�P,Mpc and �̃�Est,Canfis are supplemented 

by the course �̃�Ref arising from the reference quantity and the course �̃�Pas resulting from a ve-

hicle with a passive chassis. These courses are visualized in the bottom part of Figure 6.19. 

Both setups exhibit a similar behavior and do not differ much in terms of the pseudo quantities 

�̃�P,Mpc and �̃�Est,Canfis.  

In order to achieve a detailed analysis of the discrepancy between the purely physical setup and 

the setup based on the hybrid methods, the respective deviations of the pseudo quantities from 

the reference quantity �̃�Ref are determined according to (6.9). 

These deviations are illustrated in Figure 6.20. 

The deviations confirm the nearly identical control quality with respect to the self-steering be-

havior. Thus, similar results as in Section 6.3.1 are achieved. The main influencing factors are 

still the manipulated variables of the counter roll torques. Also within the collaborative setup 
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Figure 6.20 Collaborative Validation – Self-Steering Behavior: Slip Angle Difference Devia-

tions 
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using the hybrid method of state estimation, nearly the same results are achieved by the co-

active neuro-fuzzy inference system. No significant effects of the signal failures on the manip-

ulation of the self-steering behavior can be determined. 

Furthermore, the almost identical control quality between the two setups is confirmed by the 

evaluation of the maximum absolute deviations. The setup based on the non-linear model-based 

predictive control and the state estimation based on physical models yields a maximum absolute 

deviation of 0.01223 rad, which is equivalent to 0.70073°. The collaborative setup comprising 

the co-active neuro-fuzzy inference system and the hybrid method of state estimation results in 

a maximum absolute deviation of 0.01229 rad, which corresponds to 0.70417°. 

In order to evaluate both setups also quantitatively for the entire validation maneuver, the root 

mean squared errors are determined according to (6.10). The setup based on the purely physical 

models results in a root mean squared error of 0.00150 rad corresponding to 0.08594°. The 

collaborative setup based on the hybrid methods achieves a root mean squared error of 

0.00159 rad, which is equivalent to 0.09110°. By the additional use of the hybrid method of 

state estimation, the control quality of co-active neuro-fuzzy inference system is not signifi-

cantly affected.  

Table 6.15 summarizes the root mean squared errors for the different setups. 

Table 6.15 Collaborative Validation – Self-Steering Behavior Control Quality 

Control Estimation RMSE Unit 

Hybrid State 

Estimation 

Co-Active Neuro-Fuzzy  

Inference System 
0.00159 rad 

Physical Model Model-Based Predictive Control 0.00150 rad 

 

By using the hybrid method of state estimation, the failure of the input signal into the artificial 

neural network for the state estimation is successfully detected and handled. Thus a valid state 

estimation is available for the entire validation maneuver. This is a mandatory condition for the 

successful implementation of the central predictive control. With regard to the control quality 

in terms of the self-steering behavior, no significant difference between the two setups is rec-

ognizable. Moreover, no significant differences with regard to the central predictive control 

based on the co-active neuro-fuzzy inference system collaborating with the hybrid method of 

state estimation respectively the state estimation on the physical model arise. 

6.4.2 Conclusion 

In conclusion, the collaborative setup consisting of the central predictive vehicle dynamics con-

trol based on the co-active neuro-fuzzy inference system as well as the hybrid method of state 

estimation is successfully realized for the validation maneuver, one lap on the Hockenheimring 

racetrack. Particularly remarkable is the fact that the validation maneuver is made significantly 
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more difficult through the simulation of two signal failures within the state estimation. Any 

further sensor signal failures into the artificial neural networks could also be detected and han-

dled by the hybrid method of state estimation. Thus, the conducted validation is generalizable. 

The hybrid method of state estimation allows a continuously valid state estimation for the whole 

duration of the validation maneuver. As a result, the segment of the roll behavior which is in-

directly affected by the failures as well as the directly affected segments of the pitch behavior 

and the side-slip angle are successfully handled by the hybrid method of state estimation. By 

determining the confidence level, the failures are detected and handled. The oscillations deter-

mined in the open-loop validation of the hybrid method in the case of failures of an input signal 

in Section 4.3 have no significant effect on the control by the co-active neuro-fuzzy inference 

system within the collaborative setup. 

The continuously available valid state estimation provides the mandatory foundation for the 

central predictive vehicle dynamics control. This is realized in the collaborative setup by the 

co-active neuro-fuzzy inference system. In principle, the central predictive control is success-

fully implemented even for the more aggravated validation scenario. Small deviations arise in 

the control quality with respect to the collaborative setup compared to the physical setup in the 

area of roll angle control. The control quality is preserved respectively even enhanced in the 

segments of manipulating the self-steering behavior respectively the reduction of pitching 

movements. The improvement in the segment of pitching, however, results from the deviation 

in the representation of the damping factors and is therefore not a systematic advantage. In 

general, the deviations in the overall control quality of the central predictive vehicle dynamics 

control are within an acceptable range. 

The reason for the partially present deviations in the control quality, especially in the segment 

of the roll control, is the existing closed-loop issue between the hybrid state estimation and the 

central predictive vehicle dynamics control by the co-active neuro-fuzzy inference system. Both 

hybrid methods are trained with the same database. This database is derived from the purely 

physical setup obtained from the non-linear model-based predictive control and the state esti-

mation based on the physical models. To minimize the deviations in the control quality, the data 

resulting from the hybrid method of state estimation for the driving scenarios can be included 

in the training database for the co-active neuro-fuzzy inference system. Thus, the unknown 

closed-loop issues presented in this Section are resolved and mitigated. This will further mini-

mize the deviations in the control quality. 

 



 

 

7 Conclusion 

This Chapter concludes the thesis. To this end, it summarizes the results 

and highlights the scientific contribution. It critically reviews the results 

obtained in a discussion part. At the end, an outlook on future research 

tasks is presented. Within this thesis, two hybrid methods were devel-

oped and presented that exploit the potentials of artificial intelligence 

while still securing the reliability. The two hybrid methods are used for 

the implementation of a central predictive vehicle dynamics control sys-

tem to perform the tasks of state estimation and control. By using the 

hybrid methods, the foundation for an increase in vehicle safety and ride 

comfort is built. 

7.1 Summary 

The thesis focuses on the objective of enhancing safety and ride comfort of future vehicles. This 

enhancement is achieved by a vehicle dynamics control system which influences both the ve-

hicle safety and the ride comfort. In general, the domain of vehicle dynamics control represents 

a well-researched area. Nevertheless, this domain still features great unused potential which is 

exploited in this thesis by the integration of artificial intelligence. The domain of vehicle dy-

namics control is divided into the segments of the state estimation and the control algorithm 

itself. Accordingly, two novel hybrid methods are derived and presented within this thesis. For 

the implementation and validation of the hybrid methods, a development framework is built 

and used, which is based on a co-simulation of IPG CarMaker and MATLAB & Simulink. 

The hybrid method of state estimation addresses the issue that the use of artificial intelligence 

can lead to an increase in estimation accuracy but at the same time does not provide a com-

pletely reliable system due to its black-box characteristics. However, the state estimation must 

be reliable, especially with respect to the use in a vehicle dynamics control system, so that the 

safety is not compromised. The domains of roll, pitch and side-slip behavior are considered 

separately as estimation targets. A separate estimator is thus created for each domain. Within 

the novel hybrid method of state estimation, artificial intelligence based models are merged and 

safeguarded by reliable simple physical models. The combination of both model types is real-
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ized by unscented Kalman filters. The reliability is ensured by a novel method, which deter-

mines a confidence level 𝜏HSE for the respective artificial neural network. In this context the 

artificial neural networks represent the models based on artificial intelligence. The confidence 

level 𝜏HSE is based on the data used in the training of these models. The more often the respec-

tive artificial neural network has encountered the input data, the stronger the confidence and 

the higher the confidence level 𝜏HSE. Depending on this confidence level the covariances of 

transition and measurement of the unscented Kalman filter are adjusted. This results in a hybrid 

estimation, which in extreme cases relies completely on the physical model or completely on 

the artificial neural network. The artificial neural network is therefore only trusted in well-

known areas. A preliminary open-loop validation is used to evaluate the functionality of the 

hybrid method of state estimation. In this context extreme situations like sensor malfunctions 

as well as a complete failure of an input signal into an artificial neural network are considered. 

Without the hybrid method, the artificial neural networks result in invalid and unreliable esti-

mations, which would have fatal consequences for the control system. The hybrid method de-

tects these critical situations and handles them accordingly. In these cases the hybrid method 

relies completely on the reliable simple physical models. 

The second hybrid method of this thesis addresses the control task itself. A central predictive 

vehicle dynamics control system is desired. This control type offers enormous potential in terms 

of increasing safety and ride comfort. Common approaches regarding the central predictive 

control are based on model-based predictive control algorithms. Through complex non-linear 

models within this class of control algorithms, the control task is achieved with excellent control 

quality but at the expense of a greatly increased computational effort. The hybrid method of 

vehicle dynamics control addresses this issue and solves it by using a co-active neuro-fuzzy 

inference system to reproduce the non-linear model-based predictive control. The co-active 

neuro-fuzzy inference system represents a fuzzy inference system for a multiple input multiple 

output system in the structure of an artificial neural network. Thus the fuzzy inference system 

becomes trainable in terms of a desired behavior, but subsequent to this training it remains a 

fuzzy inference system. In the course of the hybrid method the non-linear model-based predic-

tive control is implemented in the best possible way, thus without additional restrictions. A first 

open-loop validation highlights the functionality of the hybrid method. By using the co-active 

neuro-fuzzy inference system the computational effort is drastically reduced. 

Both hybrid methods are validated further with closed-loop validations. For this purpose, a val-

idation scenario based on a completely unknown maneuver is used which features dynamic 

excitations that exceed those in the training data. Thus it represents a special challenge for the 

validation. The hybrid methods are validated for three different setups. 

In a first setup, the closed-loop validation of the hybrid method of state estimation is focused. 

For this purpose the hybrid method of state estimation is integrated into the development frame-

work. The central predictive control within this setup is based on the non-linear model-based 
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predictive control in order to focus purely on the hybrid method of state estimation. Within the 

validation the focus is on the estimation accuracy and thus the quality of the estimation. In 

comparison to the purely physical models, the hybrid method improves the quality of the esti-

mation in all three domains of the state estimation. With regard to the domains of rolling and 

pitching, additionally an improvement in terms of the estimation accuracy is achieved compared 

to the state estimation by the artificial neural networks. The hybrid method of state estimation 

thus outperforms the individual estimators. In the domain of the side-slip angle estimation the 

artificial neural network exhibits further potential to increase the estimation quality. The hybrid 

method partially disregards this potential in favor of reliability. In general, the closed-loop val-

idation thus confirms the functionality of the hybrid method with respect to the objectives of 

increasing the estimation accuracy while ensuring reliability. 

The second setup focuses on the closed-loop validation of the hybrid method of the vehicle 

dynamics control. In order to consider this hybrid method individually, the development frame-

work contains the central predictive vehicle dynamics control based on the co-active neuro-

fuzzy inference system while utilizing the state estimation based on the physical models. The 

closed-loop validation focuses on the main objectives of the control quality and the computa-

tional effort. Regarding the evaluation of the control quality the co-active neuro-fuzzy inference 

system results in an almost unchanged control performance for the roll and self-steering behav-

ior. Concerning the control objective of reducing pitching movements, the performance of the 

non-linear model-based predictive control is even surpassed, which results mainly from the 

deviations in the representation of the damping factors and is therefore not a general systematic 

benefit. In general, however, the implementation of the hybrid method yields a preservation of 

the control quality. With focus on the computational effort, the results of the open-loop valida-

tion are confirmed. By using the co-active neuro-fuzzy inference system, the runtime is reduced 

by a factor of 9.28 and the average central processing unit utilization by a factor of 1.19. In 

general, the hybrid method regarding the central predictive control meets the required specifi-

cations of reducing the computational effort without a deterioration of the control quality. 

Within the third setup, both hybrid methods are integrated into the framework in a collaborative 

setting and thus are validated together in a closed-loop manner. The focus is on the interrelated 

behavior of the hybrid methods. As an additional challenge, the validation scenario is further 

aggravated. During the validation maneuver, two input signals into the state estimation by the 

artificial neural network are set to fail. The estimations in the sections of the pitching as well as 

the side-slip angle are directly affected by these failures. By using the hybrid method the failures 

are correctly detected and handled. A valid state estimation is thus available for the entire vali-

dation maneuver. This provides the basis for a successful control. The impact of the signal 

failures on the control objectives of the pitch reduction as well as the on the influence of the 

self-steering behavior are not recognizable. Only in the section of the roll behavior there are 

minimal deviations compared to control quality achieved within the second validation setup. In 
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general, however, the use of both hybrid methods successfully masters this extremely aggra-

vated validation scenario. Both hybrid methods thus meet the required specifications. 

The thesis closes with a critically review of the achieved results. Moreover, the proposed hybrid 

methods are set into a wider scientific context and their impact on the development of future 

vehicles are outlined. 

7.2 Scientific Contribution 

The hybrid methods developed in this thesis constitute an important fundament for the devel-

opment of vehicles of the future. Both methods contribute to safer vehicles and to the enhance-

ment of ride comfort. The foundation for the success of the hybrid methods is the integration 

of artificial intelligence. In the following, the respective hybrid methods are presented individ-

ually with regard to their scientific contribution. 

The hybrid method of state estimation addresses the issue that although models based on artifi-

cial intelligence possess an enhanced potential in terms of improving the estimation accuracy 

as well as a reduced modeling effort, they are only partially verifiable and thus not completely 

reliable. Basically, the lack of reliability applies to all black-box models, which result from 

experimental modeling. With regard to a collaboration with a control system, as it is considered 

in this thesis for a vehicle dynamics control system, it is indispensable to provide a consistently 

valid and reliable estimation. Otherwise, the safety of the vehicle occupants is directly compro-

mised. In order to secure the state estimation by artificial intelligence, a novel hybrid method 

of state estimation is presented within this thesis. In general, this hybrid method yields a valid 

and reliable state estimation throughout. Thus it allows the potential of artificial intelligence to 

be exploited with respect to increasing the accuracy of estimation, but also provides the neces-

sary validity and reliability. Even extreme scenarios of faulty sensor signals or complete failures 

of input signals in to the artificial intelligence based model can be detected and safely handled 

by this hybrid method. Consequently, the hybrid method provides an outstanding opportunity 

to use artificial intelligence based models in the vehicle as well as in combination with control 

systems without compromising reliability and thus safety. In general, this allows systems based 

on artificial intelligence to become legally approvable. Thus, the hybrid method represents a 

promising alternative in contrast to the integration of a human fallback level as it is proposed 

in (O'Sullivan et al., 2019). 

The hybrid method of vehicle dynamics control addresses the issue that a central predictive 

vehicle dynamics control based on a non-linear model-based predictive control algorithm pro-

vides an outstanding control quality, however, it also involves an enormous computational ef-

fort. Moreover, the non-linear model-based predictive control used in this thesis performs a 

numerical optimization, which is not real-time capable without a limitation of iterations. The 

proposed hybrid method represents a novel approach to reduce the computational effort of the 
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control while preserving the control quality. Furthermore, the control implemented by the co-

active neuro-fuzzy inference system is characterized by a direct mode of operation, so that a 

real-time application is possible. At the end of the training a fuzzy inference system is retained, 

which is much easier to comprehend and secure than an artificial neural network. The hybrid 

method thus represents a possibility to drastically reduce the computational effort of the central 

predictive vehicle dynamics control without deteriorating the control quality. This enables the 

implementation of central predictive vehicle dynamics control systems comprising the utiliza-

tion of the existing synergies within the vehicle. 

Whereas both hybrid methods have been presented in this thesis for the application in vehicle 

dynamics control systems, these hybrid methods can be easily extended into numerous and 

various fields of application.  

The hybrid method of state estimation can be used for all kinds of black-box models resulting 

from experimental modeling, for which a reliable and fully validated model exists. In this way, 

the hybrid method addresses exactly the necessity of a possibility to reliably combine data-

driven machine learning models with physical models in the field of seismology, as it is formu-

lated by (Kong et al., 2018). Moreover, (Ryan, 2020) highlights the need for a reliable method 

to deploy artificial intelligence. In terms of human acceptance of systems based on artificial 

intelligence, reliability is a core characteristic. The hybrid method of state estimation represents 

an opportunity to use artificial intelligence while preserving a reliable system.  

The hybrid method with respect to the control can be used for all control systems for which an 

excessive computational effort is a major issue or a direct method of operation is required for a 

real-time capable implementation. As an example, the hybrid method of control can likewise 

be used in the field of cooperative intelligent transportation systems. The method can contribute 

to the improvement of the control of inter-vehicle distances of multi-vehicle platoons. It pro-

vides an alternative to the approach presented by (Shalaby et al., 2019) in which a linearization 

is performed due to an increased computational effort. Another application example is repre-

sented by a trajectory tracking problem. To realize a predictive control, (Yue et al., 2018) have 

also applied a linearization. In both cases the hybrid method presents a promising approach to 

contribute to low computational efforts while further improving the control performance. 

7.3 Discussion 

The hybrid methods presented in this thesis are of course based on assumptions and therefore 

have limitations. The greatest influence on the implementation of the hybrid method is by far 

the data used. In this thesis, the data is generated by the presented development framework, 

which is based on a co-simulation. 

Within this co-simulation standardized driving maneuvers are simulated for a defined vehicle 

setup. These driving maneuvers have been varied with respect to their main characteristics, 
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however, they still cover only discrete sections of the overall vehicle dynamics. With regard to 

a comprehensive implementation of the hybrid methods, further data should be added to the 

data set. Naturalistic driving data could close these remaining gaps. The data used was gener-

ated by simulation. Within the development framework, IPG CarMaker performs a very de-

tailed multi-body simulation, however, it still remains a simulation. Therefore, the supplemen-

tation of the data set with experimental data is a reasonable approach. Besides using experi-

mental data, the simulated data can also be deteriorated by noise. In conclusion, the supplemen-

tation of the simulation data with naturalistic driving data is recommended. It is expected that 

the mentioned extension of the data will further improve the performance of the hybrid meth-

ods. In an ideal case, an equally distributed database is available after this extension. 

An important characteristic of the hybrid method of state estimation is the determination of the 

confidence level 𝜏HSE. Within this determination, the input data into the models based on arti-

ficial intelligence are classified into their training data, which have to be valid. Within the hy-

brid method the training data are divided into a grid structure. On the one hand, the number of 

individual grids for each input variable affects the resulting confidence level 𝜏HSE. A finer clas-

sification leads to a higher level of detail, but also to an increased memory requirement. On the 

other hand, the characteristic value 𝑝max has a great influence on the determination of the con-

fidence level 𝜏HSE. This value is used to scale the results obtained by the classification into the 

grid structure. In this thesis, the characteristic value is equated with the maximum value within 

the grid structure, thus following the principle that more data correlates with an improved esti-

mation quality, (Halevy et al., 2009). This automatically results in a scaling between zero and 

one. Regarding the further application of the hybrid method in vehicles different characteristic 

values 𝑝max can also be used depending on the driving conditions. As a result, the artificial 

intelligence based model can be trusted with less data under normal driving conditions than for 

situations near the vehicle dynamics limits, which require significantly more data. This can 

avoid different deviations in the estimation accuracy for the same confidence level value, as it 

is present for varying complex situations. Considering the legal approval of the hybrid method, 

the characteristic value can be implemented according to defined specifications. As an example, 

this specification can be based on a metric as it is considered for the approval of an automated 

driving function, (Winner et al., 2016). This metric is based on a minimum distance travelled 

without any accidents. 

Within the thesis the hybrid method of state estimation is validated with respect to some ex-

treme situations like sensor malfunction and signal failures. Here only the input signals into the 

models based on artificial intelligence are manipulated, as the safeguarding of these models is 

the focus of this thesis. The hybrid method of state estimation is furthermore able to detect and 

handle a failure of an input signal into the physical model. With regard to reliability and safe-

guarding, the resulting complete confidence in the model based on artificial intelligence is rec-

ommended initially to be only used to transfer the vehicle into a safe state.  
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The implementation of the confidence levels in the course of the combination of the individual 

models is done in the presented hybrid method by modifying the covariances of the transition 

and the measurement of the unscented Kalman filter. A further possibility of implementation 

would be the direct manipulation of the Kalman gain. With respect to noise reduction, however, 

the presented method of modifying the covariances is strongly recommended. 

Within the hybrid method of control, the co-active neuro-fuzzy inference system is used to 

represent the non-linear model-based predictive control. The objective is to reduce the enor-

mous computational effort of the non-linear model-based predictive control, while preserving 

the excellent control quality thereof. The non-linear model-based predictive control was de-

signed in the context of this thesis with the objective of achieving the best possible control 

quality disregarding the associated computational effort. In principle, linearized models, a re-

duced prediction horizon or even a disregard of constraints could have reduced the computa-

tional effort. Considering the control quality, however, these adaptations of the non-linear 

model-based predictive control were deliberately neglected. 

Another aspect to be discussed is that the same database is used for training both hybrid meth-

ods. This database is generated by the co-simulation within the development framework based 

on the non-linear model-based predictive control and the state estimation by the purely physical 

models. The individual validations of the hybrid methods show impressive results. With regard 

to the validation of the collaborative setup based on both hybrid methods, the control by the co-

active neuro-fuzzy inference system and the state estimation by the hybrid method, slight devi-

ations are obtained in the control of the roll behavior. By extending the training data set for the 

hybrid method of vehicle dynamics control with the behavior of the hybrid method of state 

estimation these smaller deviations could be counteracted. Extreme situations such as sensor 

malfunctions or even failures should also be included in the generation of the training data. By 

this measure, the collaborative setup of both hybrid methods can be further optimized with 

respect to all aspects. 

In addition to the impact of the database on the performance of the co-active neuro-fuzzy infer-

ence system, its hyperparameters have to be discussed as well. Regarding the representation of 

the damping factors, the co-active neuro-fuzzy inference system is only partially able to follow 

the high dynamics of the non-linear model-based predictive control. The main influencing fac-

tor here is the number of membership functions. To limit the computational effort within the 

hyperparameter optimization, only two respectively three membership functions per input var-

iable were provided in the search space. Moreover, it was determined that the number of mem-

bership functions is consistent for each input variable. By extending the search space of the 

hyperparameter optimization to include more membership functions as well as a variability with 

respect to the number of membership functions per input variable, a further improvement re-

garding the representation quality of the manipulated variables is expected. 
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A further influencing factor is the choice of the test vehicle used in the co-simulation. The test 

vehicle belongs to the class of sport utility vehicles. Basically, sport utility vehicles feature a 

higher center of gravity than, for example, compact class vehicles. Due to this higher center of 

gravity, a sport utility vehicle tends to show increased rolling and pitching movements. As a 

result, this vehicle class presents greater challenges in the area of roll and pitch control. Despite 

choosing the vehicle class with the highest rolling and pitching movements and thus presenting 

the greatest challenge in controlling these movements the hybrid state estimation and control 

of the vehicle dynamics feature an excellent performance. Consequently, no difficulties are ex-

pected regarding the applicability of the hybrid methods for the use with other vehicle classes. 

7.4 Outlook 

The application of the hybrid methods opens up new possibilities in the course of vehicle de-

velopment, but also far beyond. The functionality of both hybrid methods has been impressively 

proven by simulative investigations within the scope of this thesis. Consequently, the next rea-

sonable step for the future is to transfer the hybrid methods to a real vehicle in order to highlight 

the functionality of both methods under real world conditions as well. In this context, it can be 

examined how the transferability of models based purely on simulation data can be extended to 

an application in a real environment. 

Another aspect that relates primarily to the overall vehicle dynamics control is the subjective 

investigation of how the ride comfort is improved by the use of the central predictive vehicle 

dynamics controller. In a user study, a test vehicle equipped with the central predictive vehicle 

dynamics control can be compared with one equipped with a standard control system, for ex-

ample based on the control concept of peaceful coexistence. The objective results obtained in 

this thesis can thus be enriched by subjective assessments. 

Whereas the hybrid methods have been implemented and presented within this thesis for the 

use case of a vehicle dynamics control system, both hybrid methods can be used in various 

application cases. With respect to the hybrid method of state estimation, an extension of esti-

mation quantities will be pursued, whereby further costs can be saved. Furthermore, this hybrid 

method will be examined with respect to the choice of the artificial intelligence based models. 

Whereas in the thesis artificial neural networks represent artificial intelligence, in future work 

these will be replaced by different types of data-driven black-box model. Thus the generaliza-

bility of the hybrid method can be emphasized. 

Another aspect that will be investigated and implemented in future research regarding the hy-

brid method of state estimation is a temporal dependency respectively a temporal lookback 

within the determination of the confidence level. In this thesis, the determination of the confi-

dence level is based on the latest input data into the artificial intelligence based model. The 
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artificial neural networks used feature a recurrent structure with a temporal lookback, thus pos-

sessing information about past time steps. By taking into account the past confidence levels, 

which correspond temporally to the lookback of the artificial neural network, an additional im-

provement of the hybrid method is expected. This could simplify and support the identification 

of sensor malfunctions like a drift, which are currently recognized on the basis of a valid data-

base. Moreover, this could also lead to an even smoother course of the confidence level. 

At present, the use of artificial intelligence in vehicles but also in safety-critical applications in 

general is limited by legal regulations. This prevents the implementation of many promising 

artificial intelligence based algorithms and models despite their excellent performance. In 

(EuropeanCommission, 2020), the robustness and accuracy of artificial intelligence based sys-

tems are emphasized as key issues for a legal admissibility. This includes ensuring that systems 

based on respectively incorporating artificial intelligence operate reliably throughout. The hy-

brid method of state estimation satisfies exactly this requirement of the European Union. In 

principle, this thesis thus provides a possibility for the legal approval of artificial intelligence 

based systems. Of course, further aspects have to be considered regarding the legal approval, 

such as the documentation and storage of the training process and the training data. Ultimately, 

these aspects can be fulfilled on the basis of the hybrid method, so that a legal precedent for 

artificial intelligence based systems can be set. 

 



 

 



 

 

Appendix 

Utility-Analysis 

Table A-1 Utility Analyses – Pair-by-Pair Comparison 

 
Additional 

Costs 

Additional 

Functions 

Integration 

Effort 

Manipulation 

of the Pitch 

Behavior 

Manipulation 

of the Roll 

Behavior 

Manipulation 

of the Self-

Steering 

Behavior 

Additional 

Costs 
1 2 2 1 0 1 

Additional 

Functions 
0 1 1 0 0 0 

Integration 

Effort 
0 1 1 1 0 1 

Manipulation 

of the Pitch 

Behavior 

1 2 1 1 0 2 

Manipulation 

of the Roll 

Behavior 

2 2 2 2 1 2 

Manipulation 

of the Self-

Steering 

Behavior 

1 2 1 0 0 1 
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