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1 Motivation of data-driven vehicle control

D
evelopment of autonomous vehicles has become one of the major chal-
lenges of the automotive industry in the recent years. However, there are

several features, which have already been available nowadays. These features
form the group of Advances Driver Assistance System (ADAS), such as Lane
Keeping Assist (KPA), Electronic Stability Program (ESP), Adaptive Cruise
Control (ACC), see [16]. These systems are designed to take over the burden
of driving in speci�c tra�c scenarios. Nevertheless, their capability of driving
is limited since they require permanent attention from the driver.

These features require a robust control system, which can guarantee the
stability of the vehicles even in unexpected situations. Most of the imple-
mented control solutions are based on a model-based control method, such as
Linear Quadratic Regulator (LQR), H∞, Model Predictive Control (MPC),
Linear Parameter Varying (LPV) [21, 3, 9]. Although these approaches can
be used in most cases, they have a serious drawback: all of them require a
model, which describes the motion/behavior of the system. Since the dynam-
ics of the vehicle contains nonlinear characteristics, its consideration leads to
a more complex control design process. Although the classical approaches can
handle nonlinearities and uncertainties of the models, in general, the yielded
controller has signi�cantly lower performances in the presence of high unmod-
elled dynamics and uncertainties.

Other approaches, to deal with the control problem of autonomous ve-
hicles, are data-driven and machine-learning-based solutions, such as neural
networks, reinforcement learning, Support Vector Machine, etc., see [1, 13].
These solutions have some advantages over the model-based approaches, e.g.
through data-driven control methods the nonlinear dynamics and uncertain-
ties of the system, without their formulation, might be learned. In this way,
they can provide an easier control design process with equivalent, or with
improved performance level. However, some of these methods su�er from the
lack of theoretical proof on stability and performance level of the controlled
system. Therefore, the application of these algorithms in critical systems,
such as vehicles, is an open problem.

In recent years, researchers and engineers have worked on combined solu-
tions, which could exploit the advantages of both approaches. In Hungary,
the Systems and Control Laboratory of the Institute for Computer Science
and Control, Eötvös Loránd Research Network (ELKH SZTAKI) and the
Department of Control for Transportation and Vehicle Systems, Faculty of
Transportation Engineering and Vehicle Engineering at Budapest University
of Technology and Economics (BME KJIT) focus on the development of these
combined control solutions for autonomous vehicles and intelligent transporta-
tion systems. The goal of this dissertation is to propose own developed com-
bined solutions on the �eld of modeling and control for autonomous vehicles.
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2 Basic notions and applied methods

2.1 Modeling lateral dynamics of vehicles

Throughout this dissertation, the lateral dynamics of the vehicle is mod-
eled by the single-track bicycle model. The basic idea behind this model is
to replace the wheels on the front and rear axles by one-one virtual wheel
placed on the axis of symmetry of the vehicle. The model consists of two
main equations, see [12]. The �rst one describes the lateral acceleration of
the vehicle. The second equation describes the yaw motion of the vehicle:

may = Fyf (αf ) + Fyr(αr), (1a)

ψ̈Iz = Fyf (αf )l1 − Fyr(αr)l2, (1b)

where Fy,i denote the lateral forces on the front and rear wheels, m represents

the mass of the vehicle, ψ̇ is the yaw-rate, Ii denotes the yaw-inertia, αi are
the slip angles of the front and rear wheels, li are the distances between the
axles of the center of gravity (CoG). The lateral acceleration ay consists of
two main components:

ay = v̇y + ψ̇vx, (2)

where vx is the longitudinal velocity and vy denotes the lateral velocity.
Using the equations (1a) and (1b), the original model can be rewritten

into the following form:

1. lateral acceleration of the vehicle:

mv̇y +mψ̇vx =

(
− l1
vx
Cα,f +

l2
vx
Cα,r

)
ψ̇ − (Cα,f + Cα,r)β + Cα,fδ,

(3)

2. yaw-motion of the vehicle:

ψ̈Iz =

(
− l

2
1

vx
Cα,f −

l22
vx
Cα,r

)
ψ̇ − (l1Cα,f − l2Cα,r)β + l1Cα,fδ. (4)

2.2 Creating decision trees with C4.5-based learning

In the thesis decision trees has importance for learning nonlinear charac-
teristics of the vehicle. For this purpose, supervised learning method C4.5
is used, which generates decision trees for the classi�cation of large amounts
of data. The original algorithm was developed in 1960 by [6]. Over the past
decades, the original method has been signi�cantly improved, see e.g. [10, 11].
In the following, the basic concept of C4.5 method is presented.
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The initial step of the algorithm is the collection of data from varying
instances. In general, an instance has several types of values called attributes
A = A1,A2, ...,Ak. An attribute can be an independent variable or a de-
pendent variable called class. The values of an independent variable can be
continuous (numeric) or discrete (nominal). A dependent, class variable C is
always discrete with a prede�ned set of values C = C1, C2...Cm with m mem-
bers. The collected data are divided into two parts:

1. a training set, which is used for teaching the algorithm,

2. a test set, which is used for evaluating the results.

The aim of the algorithm is to create a function (F) based on the training
set which is able to classify the instances by the selected class

F(A1,A2...Ak)→ C (5)

The created function is ordered into a tree structure, as illustrated in an ex-
ample, see Figure 1. A tree consists of nodes and leaves. A node is associated
with an attribute and a condition and has at least two outcomes, which de-
pend on the current value of the attribute. A leaf determines the value of
the class for the current instance. The size of the resulting tree is a crucial
part of the algorithm since a large and complex tree makes it di�cult to un-
derstand and use the results. Thus, C4.5 algorithm uses the greedy search
method to produce the decision tree. Moreover, C4.5 algorithm considers the
information gain and gain ratio criteria in the generation of the decision tree.

Condition 1

Condition 2 Condition 3

true false

true truefalse false

Figure 1: Decision tree

2.3 Learning method with Pace regression

Further important method in the thesis for learning nonlinear characteris-
tics of the vehicle is Pace regression. Consider a dataset with n independent
instances, k input variables and an output variable. The instances are written
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in the form of an n× k design matrix X. Moreover, let ζ∗ be the parameter
vector of the true model and then the output vector y can be determined as

y = Xζ∗ + ε, (6)

where ε is the noise vector whose elements are sampled from N(0, σ2). It
is assumed that σ2 is known or, at least, it can be estimated (σ̂2). M(ζ)
denotes a �tted, linear model that has an unique parameter vector ζ while
the true model is denoted byM(ζ∗). The aim of the modeling task is to �nd
a model from the entire model space M = {M(ζ) : ζ ∈ Rk} whose predictive
accuracy is the greatest on the given dataset. The models can be produced
by numerous algorithms such as Ordinary Least Square (OLS). method, OLS
subset selection, shrinkage, RIC, CIC methods etc, see [20]. These methods
can reduce the dimension of the models by discarding the redundant variables.
In order to evaluate a model, the distance between the current model and the
true model must be known. This distance can be calculated as

D(M(ζ∗),M(ζ)) =
||yM(ζ∗) − yM(ζ)||2

σ2
, (7)

where || · || denotes the L2 norm and σ2 can be replaced by its estimated value
σ̂2.
The �nal task is to determine a model which minimizes this expression.

D(M∗,M) = min! (8)

The basic concept of the OLS subset selection method is to create subset
models using various sets of variables. If a dataset has k variables, k + 1
nested models (Mj) can be created, where j = 0 is the null model with zero
variables and j = k is the full model with all of the variables. In this case, an
estimate of the parameter vector ofMj can be determined as

ζ̂Mj
= (X ′MjXMj)

−1X ′Mjy (9)

where XMj
is the n×j design matrix and let PMj

= XMj(X
′
MjXMj)

−1X ′Mj

be an orthogonal projection matrix from the original space (k) onto the re-
duced space (j). Finally, ŷMj = PMjy is the estimate of y∗Mj

= PMjy
∗

Since this method creates only k + 1 subset models (instead of 2k, which is
computationally unfeasible at increased k), the prede�ned order of the vari-
ables is a crucial point of this method. There are a set of ranking algorithms,
which help determine the best-prede�ned order of the variables, see [17, 19].

2.4 LPV-based modeling and control framework

Linear Parameter Varying (LPV) framework is a powerful technique to
model and control nonlinear systems [22]. It has been successfully applied to
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numerous control problems including automotive and aerospace applications,
see [15], [4]. In the followings, the basic concept of the LPV framework is
presented and a brief introduction is given for the control synthesis based
upon LPV approach.

Let us consider a general nonlinear system, which is given by its �rst order
di�erential equations:

ẋ = f(x, u, t), (10a)

y = g(x, u, t) (10b)

where x ∈ Rn denotes the state of the nonlinear system, u ∈ Rm is the input
vector and y represents the measurement vector y ∈ Rk. The dynamics of
the system is described by two nonlinear functions: f(x, u, t): Rn+m+1 → Rn,
while g(x, u, t) : Rn+m+1 → Rk. Note that the system also depends in the time
variable (t), which means that a general time variant system is considered.

The basic concept behind LPV framework is to transform the original
nonlinear time variant system into a set of Linear Time Invariant (LTI) sys-
tems. This set of linear systems can be arranged into a general state-space
representation as:

ẋ = A(ρ)x+B(ρ)u (11a)

y = C(ρ)x+D(ρ)u (11b)

The state-space representation can also be rewritten in a compact form:[
ẋ
y

]
=

[
A(ρ) B(ρ)
C(ρ) D(ρ)

] [
x
u

]
(12)

where A(ρ), B(ρ), C(ρ), D(ρ) are the state matrices, which depend on the
scheduling vector ρ. In this case, the scheduling vector ρ, contains all the
exogenous variables, which de�ne each speci�c LTI system of the set.

However, LPV framework is not limited to exogenous scheduling variables,
it can also be used to represent systems, whose scheduling vector consists of
one or more states of the original nonlinear plant. In that case, this formal-
ization results in a quasi-LPV system, which can be described as:

 żẇ
y

 =

A11(ρ) A12(ρ) B1(ρ)
A21(ρ) A22(ρ) B2(ρ)
C1(ρ) C2(ρ) D(ρ)

zw
u

 (13)

In this case, the scheduling vector consists of two main components: the ex-
ogenous and the state-dependent scheduling variables ρ = [z w]. Therefore,
the original system is also decomposed into two parts: z denotes those states,
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which are used as scheduling parameters, while w contains the rest of the
state variables.

The general control synthesis problem to choose the parameter-varying
controllerK(ρ) in such a way that the resulting closed-loop system is quadrat-
ically stable and the induced L2 norm from disturbance and to performances
is less than the value γ. The minimization task is the following [22]:

inf
K(ρ)

sup
ρ∈Fρ

sup
‖w‖2 6=0,w∈L2

‖z‖2
‖w‖2

, (14)

where Fρ bounds the scheduling variables. The yielded controller K(ρ) is
formed as

ẋK = AK(ρ)xK +BK(ρ)yK , (15a)

u = CK(ρ)xK +DK(ρ)yK , (15b)

where AK(ρ), BK(ρ), CK(ρ), DK(ρ) are parameter-dependent matrices.

3 Theses of the dissertation

3.1 Vehicle-oriented estimation using data-driven
approaches

In the era of autonomous vehicles, the accurate estimation of certain pa-
rameters and states of the controlled vehicle has gained high signi�cance due
to their impact on the stability and the safety of the vehicle. In the last few
decades, several methods have been developed, which can be used to esti-
mate unmeasurable or costly measurable signals. Generally, these algorithms
require a physical model of the system, which describes a certain type of
motion of the vehicle. Due to the uncertainties and the unmodelled dynam-
ics, these model-based approaches cannot provide accurate estimation, which
can have disadvantageous impact on the further subsystems in the control
structure. However, the machine learning-based estimation algorithms can
deal with these problems, by learning the whole nonlinear dynamics of the
considered system. In this thesis, two estimation problems are considered:

� Firstly, two solutions are presented for estimating the tire pressure of
the vehicle. Both solutions are based on di�erent machine learning
algorithms.

� Secondly, the estimation of the adhesion coe�cient between the tire
and the road is considered, which is also solved by applying a machine
learning algorithm.
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Estimation of the tire pressure In the �rst method, a pace-regression-
based algorithm is presented for estimating the variation of the tire pressure.
While in the second case neural network-based solution is presented for the
same problem. In both cases, multiple estimation algorithms are trained
using di�erent subsets of the measured signals. The �rst subset includes all
measured signals, the second subset consists of those measurements, which are
available from the onboard system of the vehicle. Finally, a subset is created,
which includes the past values of the onboard signals in order to boost the
performance of the estimation algorithms.

An example is shown in Figures 2. Figure 2 (a) illustrates the e�ciency of
the estimation algorithm at a constant longitudinal velocity and at di�erent
tire pressures. While, Figure 2 (b) shows the same case at varying longitudinal
velocity.
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(b) Estimation of the pressure CarMaker Driver

Figure 2: Estimation of the tire pressure at varying velocity

As it can be seen, in both cases the presented algorithm is able to estimate
the tire pressure. Although the algorithm has a lower accuracy at varying
velocities, it still can provide acceptable estimations.

Estimation of the adhesion coe�cient Secondly, the thesis deals with
the estimation of the adhesion coe�cient. The presented solution is also
based on a machine learning algorithm namely C4.5 decision tree algorithm.
Firstly, a selection criterion is introduced, which is used to determine whether
the current adhesion coe�cient is close to its peak value. Then, the selected
measurements are ordered into three categories: 'dry', 'wet', and 'icy'. The
labeled dataset serves as a basis for the training set of the decision tree al-
gorithm. The produced decision tree is able to categorize the road surface
using the onboard measurements of the vehicle. In the following, a simulation
result is given to show the e�ciency of the presented estimation algorithm.
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The classi�ed estimated and reference road surfaces can be found in Fig-
ure 3. It can be seen that during the simulation, the estimation algorithm
frequently yields 'No data' category. The reason for it is that the vehicle does
not reach the peak value of µ, since the current instance does not satisfy the
criterion. Therefore, the estimation cannot be executed. Apart from the 'no
data' sections, the estimation is accurate on dry and icy surfaces as well.

1000 1500 2000 2500 3000 3500

Station (m)

No data

Icy

Wet

Dry

R
o

a
d

 s
u

rf
a

c
e

 (
-)

Estimated 

Reference 

Figure 3: Example on road surface estimation

Thesis 1 I have developed new data-driven estimation methods for vehicle
control applications using di�erent machine-learning-based algorithms. I have
shown that the proposed algorithms can be used for estimating the tyre pressure
and for approximating the adhesion coe�cient between the road and the tyre.
For the estimation of the adhesion coe�cient, I have developed a method based
on the C4.5 decision tree algorithm, while the estimation of the tyre pressure
has been based on the pace regression and the neural network approaches.
Furthermore, I have also designed a Linear Parameter-Varying (LPV) based
trajectory tracking controller, which can incorporate in the result of the tyre
pressure estimation algorithm in order to increase the performances and to
guarantee the stable motion of the vehicle.

Related publications: [FNG20a, FNG21c, HFNG20, FNGA19, FNGS19,
FNG19a, FNG+19e, FNG19c, FNG19b]. For more details see Chapter 2. of
the dissertation.

3.2 Determination of the lateral stability regions and its
application in vehicle control

The determination of the stability regions of the vehicle is a crucial point
of the control design. In the literature, several model-based solutions can be
found, which can be used to determine the stability regions of the vehicle
under certain circumstances, see [7, 14, 8]. However, these methods have
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limitations, which can in�uence the performances of the control system. In
this thesis, a data-driven method is presented to determine the lateral stability
regions of the vehicle.

As an initial step, the collected dataset is divided into two subsets 'ac-
ceptable' and 'unacceptable' categorizes, which re�ects on the stability of the
vehicle. This categorization is based on a novel criterion:

−ε1 <
|1 + αf |

|1 + δ − β − lf ψ̇
vx
|
− 1 ≤ ε1, (16)

where ε1 is an experimentally de�ned parameter, l1 is the distance between
the center of gravity of the vehicle and the front axle. ψ̇ denotes the yaw rate,
β is the vehicle side-slip vx is longitudinal velocity and δ is the steering angle.
Basically, this criterion scales the nonlinear behavior of vehicles by comparing
the current measurement to a linear model. Then, this labeled dataset is used
to train a decision tree, which can be used to determine the stability of the
vehicle during the operation of the vehicle. An illustration of the determined
stability regions is shown in Figure 4.

The results of the decision tree and the classi�ed test sets in the plane of
αf and αr at di�erent velocities. The two slip attributes have high impacts
on the resulting decision tree. Note that the sizes of the sets become larger
with increasing velocity. It means that the vehicle can reach larger regions
of slips at high velocities. This tendency is con�rmed by the experience in
vehicle dynamics. The estimation is accurate on dry and icy surfaces as well.
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Figure 4: αf and αr sets depending on velocity vx

The presented stability regions are used in a lateral control design to im-
prove its performances. Therefore, an LPV-based model of the lateral dy-
namics of the vehicle is formed, which has two scheduling parameters: the
longitudinal velocity and the adhesion coe�cient. The produced decision tree
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is to compute the optimal longitudinal velocity of the vehicle for the forth-
coming road segment, which consists of the following steps:

� First, ρ must be smaller than the upper bound of the scheduling variable
ρmax

ρ ≤ ρmax. (17)

The elements of ρmax represent the maximum velocity limit on the forth-
coming road horizon.

� Second, the predicted state vector ycl(k, n) must be inside the stability
region of the system. In the constraint is necessary to guarantee that
ycl(k, n) is inside of the stability sets, such as

ycl(k, n) ∈ R
(
ρ1(i), ρ2(k)

)
, ∀k ≤ i ≤ n. (18)

� Finally, the optimization problem of the longitudinal velocity pro�le is
formed as

max
ρ1(k+1)...ρ1(k+n)

ρ (19)

Thesis 2 I have developed a method for approximating lateral stability re-
gion of passenger vehicles. The separation of the stable and unstable regions
are based on a novel stability criterion using the two-wheeled lateral vehicle
model. I have used the separated instances to build a classi�cation model,
which can be used to determine the stability of the vehicle during its operation
using a decision tree-based algorithm. Furthermore, I have developed a Lin-
ear Parameter-Varying (LPV)-based lateral controller, which can handle the
e�ect of the adhesion coe�cient and the uncertainty of the estimation. I have
also shown that the classi�cation model can be used for a longitudinal velocity
optimization algorithm, which can guarantee the stable motion of the vehicle
by adjusting its velocity to the forthcoming road segment.

Related publications: [FNG20a, FNG19d, FNG19a, FNG19c, FNG19b,
FNG18a, FNG21c, FNG21e]. For more details see Chapter 3. of the disser-
tation.

3.3 LPV-based parameter optimization process using data-
driven approach

The accurate modeling of the dynamics of the vehicle has a high impact
on the performances of the control system. However, there are several param-
eters, which cannot be accurately determined, or even they can change during
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the operation of the vehicle. In this thesis, two data-driven approaches are
presented to model the lateral dynamics of the vehicle. The �rst solution is
based on the pace-regression method while the second uses the C4.5 decision
tree algorithm approach. In both cases, the main goal is to create a polytopic,
Linear Parameter Varying (LPV)-based model, whose scheduling parameters
are determined by the machine learning algorithms.

As a �rst step, the selected measured state variables of the vehicle is com-
pared to a nominal model. In this case, this nominal model is the presented
two-wheeled bicycle model, which has two state variables: yaw-rate (ψ̇) and
the side-slip (β). The labeling of the collected data is based on the deviation
of the measured signals from the signals of the nominal system. In this process
the yaw-rate and the side-slip angles are involved, which are the independent
states of the physical system. The labeling is based on the relative errors of
the signals in time ti, such as

ψ̇e(ti) =
|ψ̇m(ti)− ψ̇n(ti)|

ψ̇n(ti)
, βe(ti) =

|βm(ti)− βn(ti)|
βn(ti)

(20)

where ψ̇m and βm denote the measured outputs while ψ̇n and βn are the
outputs of the nominal system. In the method categories has been prede�ned
for the classi�cation of the instances, such as n equidistant sections between
0 and 1. It is de�ned a function f, which associates the errors (20) with the
categories. A given instance in ti is labeled based on the following value

cat(ti) = max

(
f
(
ψ̇e(ti)

)
, f
(
βe(ti)

))
, (21)

which means that the label cat(ti) is determined based on the maximum of the
errors. The results of the labeling are the training and the test sets, where
each instances have been categorized. This categorized dataset serves as a
basis for the training of the decision tree, whose outcome is denoted by ξ.

Figure 5 illustrates an example of the results. It can be seen that the
location of the resulted categories (represented by di�erent colors) in the plot
of the side-slip and the lateral force on the wheel are well distinguished. It
means that the machine learning algorithm is able to distinguish various sec-
tions, which is related to the levels of the relative errors (20).

The system description for parameter tuning is formed as:

ẋ = A(ρ)x+B(ρ)u, (22a)

A(ρ) =


a11(ξ) a12(ξ) 0 0
a21(ξ) a22(ξ) 0 0

vx(1 + a21(ξ)) vxa22(ξ) 0 0
0 0 1 0

 ,B(ρ) =


b1(ξ)
b2(ξ)
vxb2(ξ)

0

 , (22b)
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Figure 5: Illustration of the categories in tyre force characteristics

where the state vector of the system is x =
[
ψ̇ β vy y

]T
, u = ud and ξ, vx

are selected as scheduling variables, whose vector is ρ =
[
ξ vx

]
.

The problem of the identi�cation is to �nd the parameters a11(ξ), a12(ξ),
a21(ξ), a22(ξ) and b1(ξ), b2(ξ), with which the results of the state calculation
x are close to the measured states xm. It leads to an optimization problem,
which is formed as:

min
a11(ξ),a12(ξ),a21(ξ),a22(ξ),b1(ξ),b2(ξ)

(
xm(ti)− x(ti)

)2
(23)

for all xm(ti) instances in all ti time step in the training set. During the
solution of (23) the systems can be computed independently for �xed ξ values
in the grids. Thus, the parameter-dependent quadratic optimization problem
leads to a least-squares problem [5, 2]. The result of the optimization is a set
of systems, which represent the LPV description of the vehicle model.

Thesis 3 I have developed two methods for modeling the lateral dynamics of
the vehicle. Both methods are based on the Linear Parameter Varying (LPV)
approach combining with di�erent machine-learning-based algorithms: pace
regression and decision tree generation. I have shown that the models provided
by the proposed algorithms are more e�cient at modeling the lateral dynamics
of the vehicle than the classical purely physical-based modeling approaches. I
have developed a lateral robust controller using the proposed model structures.

Related publications: [FNG21d, FN20, FNG20b, FNG20c]. For more de-
tails see Chapter 4. of the dissertation.

3.4 Design of an integrated control system for variable-
geometry suspension system

Beside the presented data-driven approaches, there are other ways to im-
prove the stability and the riding comfort of the vehicle. Variable-geometry
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suspension systems could be a possible solution. The application of the
variable-geometry suspension systems can have several reasons. In this thesis,
a speci�c type of variable-geometry suspension is considered. The main ad-
vantage of this suspension type is that it can be used to generate an additional
steering angle by modifying its camber angle. The thesis presents a modeling
approach of the variable-geometry suspension system and a hierarchical con-
trol design, by which the lateral stability and performances of the vehicle can
be improved.

The purpose of the variable-geometry suspension is to perform the wheel
camber angle and the scrub radius modi�cation through a torque actuation.
The actuator is incorporated in the suspension between the wheel hub and
the wheel, therefore it is able to generate an active torque Mact around B
to tilt the wheel, see the scheme of the suspension in Figure 6. It results in
the modi�cation of the scrub radius, by which the steering angle through the
longitudinal force is in�uenced. The motion of the suspension is described
by three dynamic equations. First, the vertical motion of the wheel hub zw.
Second, the torque on the suspension is described to derive the rotation of
the wheel hub ε3. Third, the tilting of the wheel γ is formulated.

Fy

Ftyre

Farm

Fsusp

γ

ǫ1

ǫ2

ltyre

ly

Mact

zw

z

y

ǫ3

lsusp

larm

A

B
C

D

Figure 6: Scheme of the suspension construction

Using the three motion equations, the following state-space representation
of the variable-geometry suspension model can be formulated:

ẋsusp = Asuspxsusp +Bsuspususp, (24)

where the state vector is x =
[
żw zw γ̇ γ

]T
, u = Mact and Asusp and

Bsusp are matrices.
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Hierarchical control design The presented variable-geometry suspension-
based independently steering system is incorporated with the torque vectoring
approach in order to maintain high performances level even in case of actuator
failure. Therefore, a hierarchical control system has been developed including
a recon�guration strategy as shown in Figure 7. The control system consists
of several layers: 'Recon�guration strategy' is responsible for the actuator
selection, 'Lateral control' provides the reference signals for the actuators,
'Force and steering distribution' computes the longitudinal forces and steer-
ing angles for the suspensions and the in-wheel motors, 'Left/Right wheel
Suspension control' is responsible for realizing the reference steering angles.

Lateral control

steering
control

γl

δl δr

ψ̇ref

Md

ψ̇

steering
control

Left wheel Right wheel

γr

Reconfiguration
strategy

ρlat

Force and
steering

distribution

δref

suspension
control

Left wheel
suspension

control

Right wheel

Mact,l Mact,r

Fl,i

γr,refγl,ref

In-wheel
control

Ml,i

δr,refδl,ref
ψ̇
ax
ay

Figure 7: Control system architecture

Thesis 4 I have developed a novel physical model for a steering concept based
on a variable-geometry suspension system. Using the model, I have designed
an integrated steering control system that combines the variable-geometry sus-
pension with the bene�ts of torque vectoring-based steering method. The pro-
posed method guarantees the stability and the controllability of the vehicle in
critical situations. I have developed a coordination strategy, which can be used
to select the appropriate intervention during the operation of the vehicle.

Related publications: [NFGB19, FNG18c, FNG18b, FNG17, NGFB17b,
NGFB17a, FNG16a, FNG16b, NFGB16, NGFB17b, NFG16]. For more de-
tails see Chapter 5. of the dissertation.
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3.5 Data-driven control for a variable-geometry suspenion-
based test-bed

In order to validate the concept of the variable-geometry suspension-based
steering system, presented in the previous thesis, a test-bed has been built
in Systems and Control Lab, Institute for Computer Science and Control
(SZTAKI). Although the basic structure is similar to the original idea, some
modi�cations have been carried out during the planning and building phases.
Due to this modi�cation in the structure of the testbed, the control system also
needs some improvement before the implementation. Therefore, an improved
control algorithm has become necessary, which is speci�cally designed for this
suspension system and setup. In this thesis, a data-driven modeling and
control algorithm is presented for the suspension system and implemented on
it. The main parts of the testbed are shown in Figure 8, such as

1. Linear actuator, which modi�es the camber angle

2. DC motor, which drives the wheel

3. Upper suspension arm, which ensures the appropriate vertical load
for generating the required longitudinal force.

4. Lower suspension arm, which links to suspension to the frame through
a joint.

5. Hub, contains the bearing of the shaft.

6. Wheel, which has a diameter of 18".

7. Rotating plate, which allows the free rotation of the wheel.

The main contribution of this thesis is the data-driven identi�cation of the
testbed, which consists of the following steps:

� First, the collected dataset is divided into subsets according to the mea-
sured steering angle. In the given system the the step size for the division
is selected to 2deg.

� Second, in order to boost the performance of the modeling process,
di�erences of the steering angle and the position of the actuator are
computed for each instances, such as:

∆δ = δ(t)− δ(t− 1) (25a)

∆d = d(t)− d(t− 1). (25b)

where d(t) is the position of the linear actuator while δ(t) is the realized
steering angle. The motivation of the transformation is that the correla-
tion between ∆δ and ∆d is more relevant to the process as the absolute
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Figure 8: Construction of the test bed

values of the steering angle and the actuator position. Its reason is that
the absolute values can depend on the initial values in the measurement,
which can vary in the setting of the test bed.

� Third, the relation between the actual ∆δ(t) and the attributes of the
system is formed. The relationship contains the actual values of ∆d(t)
and wheel speed vx(t) and the past values of ∆d,∆δ, vx. The form of
the model for the computation of ∆δ is formed as

ŷMj = XMj ζ̂Mj , (26)

where ŷMj = ∆δ(t), and ζ̂Mj contains the coe�cients of the applied
variables: ∆δ(t− 1) . . .∆δ(t− n),∆d(t) . . .∆(.t− n), vx(t) . . . vx(t− n).
Vector XMj

contains given actual values of the variables. In the given
test bed n is set to 5. Note that (26) must be formed for each subsets.
The vectors X of each subsets are considered to be independent from
each other.

� The fourth step is the selection of the coe�cients in X for each sub-
sets, which leads to an optimization process. The main goal of the
optimization process is to �nd the best linear model, which minimizes
the deviation between the estimated and the measured outputs. The
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minimization task can be formulated as

min
X

(
ŷ − y

)2
, (27)

where y represents the real measurements ∆δ(t) on the testbed. The
process of the optimization is performed through the pace regression
method, which is applied to �nd appropriate linear models for each
subset [20].

The state-space representation of the model, which incorporates in all
subsets, is formed as:

xs(t+ 1) = As(ρ)xs(t) +Bs1(ρ)us(t) +Bs2(ρ)ωs(t) (28)

where As, Bs1(ρ), Bs2(ρ) are matrices and vectors. The control input variable
us is ∆d, the state vector xs consists of ∆δ, ∆d and their past values, and the
last state is the δ(t). In the formulation the wheel speed is an independent
variable from the longitudinal dynamics, and thus, it is handled as an external
disturbance of the system: ωs contains vx and their past values. The schedul-
ing parameter ρ represents that (28) contains all subsets. The value of it
re�ects to each subsets, which depends on the steering angle δ. It means that
the scheduling variable of (28) depends on a state, but the relationship is hid-
den by the selection of each subset and it is not formed mathematically. The
resulted system is a polytopic LPV model, whose elements are represented by
the models from the subsets. The presented data-driven model serves as the
basis of the control design for the variable-geometry suspension testbed.

Thesis 5 I have developed a data-driven Linear Parameter-Varying (LPV)-
based modeling method for a variable-geometry suspension testbed. Using the
data-driven modeling method, I have designed a lower-level controller, which is
able to realize the required steering angle on the variable-geometry suspension
testbed. I have also developed a Model Predictive Control (MPC)-based lateral
control method, which provides reference signal for the low-level controller. I
have implemented and tested the proposed control strategy in Hardware-in-the-
Loop (HiL) simulations.

Related publications: [FFNG21, FNG21b, FNG21a]. For more details see
Chapter 6. of the dissertation.

4 Further challenges

In the followings, further challenges and possible future research directions
of data-driven control are suggested. The presented methods and algorithms
can be extended in several ways:
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� One of the main future challenges is the implementation and validation
of the presented algorithms. Especially the estimation algorithms, which
are presented in Thesis 1, will be carried out on the Nissan Leaf test
vehicle of SZTAKI [18].

� Regarding the contributions of Thesis 2 and 3, the implementation and
validation of data-driven modeling and control methods are the main
challenges. Although the implementation on a real test vehicle due
to the necessity of real-time actuation can be di�cult, on indoor RC
test cars it can be carried out. As a part of the Autonomous Systems
National Laboratory, in SZTAKI advanced indoor RC cars have been
used to validated learning-based control methods. Together with ELKH
Cloud, it can be an appropriate platform for implementing the developed
data-driven methods.

� Regarding the variable-geometry suspension testbed, there are also some
open questions. Although the implementation and the validation of the
original variable-geometry suspension-based steering system have been
carried out, the integrated actuation (independent steering and torque
vectoring) is still open. Therefore, the main goal is to improve the
testbed with a direct torque measurement device and to design a control
system, which can handle the multiple interventions.

� Another relevant topic, which is related to the data-driven control, is the
data-driven observer design. In some complex vehicle-oriented control
problems, the accurate measurement or estimation of the system states
is essential. However, some problem arises as in the case of the control
of nonlinear systems. Data-driven methods can also be used for this
problem. The author has already published some preliminary results,
see [FHNG21]. In this work, a neural network-based observer is com-
bined with a classical robust observer by which the performances of the
estimation can be signi�cantly improved. Nevertheless, the combination
of di�erent observer methods is still an open question.
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