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Ix Vehicle moment of inertia about its horizontal axis
Iy Vehicle moment of inertia about its lateral axis
Iz Vehicle moment of inertia about its vertical axis
H Horizon
Hp Np Prediction horizon
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Introduction

In this chapter the introduction of this Ph.D Thesis is provided. For
that, the context, the motivation, the objectives, the structure of
this document, and finally, the publications derived from this thesis
are presented.
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1- Introduction

1.1 Context

The need for reducing global warming, air pollution and oil dependency has motivated
not only the use of renewable energies, but also some paradigm changes in other areas,
such as transportation systems, where the development of electric vehicles (EV) has
become a key strategy.

The interest in vehicles with electrified powertrains (fully electric as well as hybrid)
has increased in the last years, becoming one of the main research areas for the
automotive industry. The integration of electric motors in propulsion systems provides
not only better energy efficiency and lower pollution, but also increased controllability,
as electric motors offer better response time. These features are fuelling a notable
interest in the development of Advanced Driver-Assistance Systems (ADAS) and
vehicle dynamics control (VDC) systems that enhance not only the dynamic behaviour
of the vehicle, but also its efficiency and energy consumption.

One of the most complete ADAS for enhancing the dynamic behaviour and sta-
bility of an electric vehicle with per-wheel motors is Torque Vectoring (TV), which
focuses on the optimal driving torque distribution. Additionally, TV approaches have
demonstrated their ability to also reduce the energy consumption through an optimal
torque distribution, which is one of the most important obstacles for EVs adoption.

Therefore, this Ph.D. thesis focuses on this area, making contributions on TV
approaches considering energy efficiency for EVs by applying advanced control ap-
proaches such as intelligent control techniques and nonlinear model predictive control.

The research work resulting in this thesis has been carried out in the Automotive
Business area of Tecnalia Research & Innovation (Industry and Transport Unit), in
collaboration with the Automatic Control and System Engineering department of
University of the Basque Country (UPV/EHU).

Tecnalia’s Automotive Business area focuses its activity in the research and de-
velopment of innovative automotive oriented systems, including the following topics:

• Research, design, and development of advanced control strategies for automo-
tive electric machines applied to electric and hybrid propulsion systems. Cur-
rent research interests include the study of control strategies for high-speed
operation, sensorless control, fault-tolerant operation, and multiphase machine
control.

• Research and development of optimal energy management strategies, including
energy recovery during regenerative braking, damage reduction on mechanical
components and vehicle life-cycle and autonomy range extension.
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• Research in advanced vehicle dynamics control systems, such as: traction con-
trol system (TCS), antilock braking system (ABS) and torque vectoring (TV).

• Research in automated driving, including Advanced Driver Assistance Systems
(ADAS). The main focus includes decision-making systems, which enable the
design of new ADAS for control sharing between the vehicle and the driver.

• Research in new multi-material structures for weight reduction purposes.

On the other hand, the Automatic Control and System Engineering department
research activities include the following topics:

• Research and development on advanced control strategies for complex dynamic
systems, with experience in robotics, bioengineering, automotive applications,
machine-tool applications and green energy conversion.

• Research on Model Predictive Control approaches for autonomous vehicles.

• Research on Industry 4.0

• Research on Virtual Sensors based on artificial intelligence.

Additionally, the academic scope of the research has been extended by performing
an international Ph.D. researcher internship of three months at the Centre for Au-
tomotive Engineering (leader Prof. Aldo Sorniotti), which is part of the Department
of Mechanical Engineering of the University of Surrey (United Kingdom).

Finally, this thesis has been partially supported by several European projects:

• 3Ccar [19] (ECSEL JU under grant agreement No. 662192): the objective of
this project is to address the growing complexity in mobility systems, especially
in Electrified Vehicles (EV).

• ADVICE [20] (H2020 under grant agreement No. 724095): this project aims
at increasing the number of Hybrid Electric Vehicles (HEVs) and Plugin-HEVs
to up to 10% of all vehicles registered in the mid-term range.

• ACHILES [21] (H2020 under grant agreement No. 824311): The objective
of ACHILES is to develop advanced architectures chassis/traction concept for
future electric vehicles and enhance new parts and functionalities in a new E/E
system architecture.

• STEVE [22] (H2020 under grant agreement No. 769944): STEVE brings
together cities, industrial companies, small and medium enterprises, and aca-
demic institutions from seven European countries, for the demonstration of the
integration of EL-Vs (Electrified L-category Vehicles) in the urban transport
system.
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1.2 Motivation

The study of chassis control systems (or vehicle dynamics control systems) has been
a major research area for both the automotive industry and academia for the last
decades. Chassis control can be defined as the control of the longitudinal, lateral and
vertical vehicle motion to improve handling and traction/braking performance along
with active safety [23]. This research topic has quickly grown into one of the most
intensive subjects with a large volume of published literature [24]. This growth has a
direct connection with the safety concerns caused by an increasing number of vehicles
on the road, combined with the higher performance of current vehicles. At the same
time, the development of embedded platforms has offered faster and cheaper devices
for the deployment of chassis control solutions.

The first proposals in chassis control systems were focused on controlling each
wheel, with approaches such as the Anti-lock Braking System (ABS) (1978) and
Traction Control System (TCS) (1983) (Figure 1.1). Their success opened the
way to more complex approaches that considered the dynamics of the vehicle as a
whole [25]. This way, in the mid-1980s, the 4 Wheel Steering (4WS) and semi-
active/active suspension systems were introduced. Later, in the 1990s, with the
increase of computing power, the Electronic Stability Program (ESP, or ESC) was
proposed [26]. These systems offered greater control over the dynamics of the vehicle,
differentiating themselves from the first approaches.

One of the most interesting vehicle dynamics control approach is Torque Vector-
ing (TV), which was proposed first in 2005 [27]. TV approaches control both the
direction and magnitude of the wheel torque to influence the dynamics of the vehicle
positively [28]. Torque vectoring on a conventional driveline can be applied between
axles or between wheels of the same axle, or even in a front-to-rear and left-to-right
operation combining axle and centre differentials or couplings.

Although this approach was proposed more than 15 years ago, it has recently
gained attention due to the possibilities that electric vehicles (EV) offer. Thanks
to the wide range of powertrain topologies (from a single electric motor with a me-
chanical differential, to individual motors per wheel), torque vectoring may allow to
enhance not only vehicle dynamics, but also the overall efficiency.

One of the main issues regarding EVs is their limited driving range, which is
certainly harming their widespread adoption. The issue is being addressed through
the enhancement of battery technologies [29], as well as the introduction of superfast
charging stations on the road network [30]. In parallel, the efforts to increase driving
range are supported by the improvement of energy efficiency of electric powertrain
components, and new vehicle systems such as predictive energy management and
optimal speed profiling [31].

In this sense, torque vectoring systems can also contribute to reduce the overall
energy consumption through an energy efficient torque distribution. The main power
losses sources of a EV come from the powertrain (inverter, electric motor and driv-
etrain) and the tyres. When considering the powertrain, on the one hand, several
authors have tried to minimized losses by optimizing the internal control of electric
motors [32], through controlling the flux [32] or suppressing certain harmonics [33].
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Figure 1.1: ADAS Timeline [1]

And, on the other hand, torque vectoring systems can provide torque commands that
make the electric motor work in the most efficient operating point for each trac-
tion/braking and cornering condition. Regarding tyre losses, power losses arise when
the tyre is slipping, both longitudinally and laterally. To avoid tyre slipping, proper
measurement of tyre forces is crucial. Particularly, vertical tyre forces are very rele-
vant in vehicle dynamics. Note that the tyres with more load present more grip, this
is, they can transmit more force to the road, which is an important factor when per-
forming the torque distribution in a TV algorithm. However, measuring these forces
is a challenging (or impossible) task due to the expensive sensors that are needed,
and their estimation is one of the most complex issues in vehicle dynamics, as the
tyre/road contact dynamics depends on many different variables.

However, the inclusion of more and more functionalities in torque vectoring sys-
tems, such as the aforementioned dynamics enhancement and efficiency considera-
tions, increases the complexity of the needed algorithms, in particular, for EVs. This
is one of the main concerns of the automotive industry as the complexity and derived
issues of the control systems required for these vehicles are reaching hardly sustain-
able levels, with over 100 million lines of source code distributed on board among over
100 ECUs (electronic control units) [34, 35]. In addition, the technical challenge is
further increased by several industry-related constraints. Firstly, some well-known as-
pects inherent to the big-scale vehicle industry need to be considered, such as strong
cost sensitivity and diverse requirements pushing towards modularity, combined with
accelerated product cycles. Secondly, a major constraint is being added to this al-
ready challenging context: increasing impact from safety standards and regulations
addressing safety-critical systems.

One of the technological enablers in this context is the new generation of high-
performance embedded platforms. A diversity of heterogeneous platforms offering
vast computational power is appearing on the market, including multiple cores, FPGA
logic, and GPU units. These platforms are rapidly approaching towards industry
suitable levels of cost and robustness, meaning that they could eventually be exploited
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to cover the aforementioned issues.
Finally, testing is also a key issue when considering Torque Vectoring approaches.

In this area, simulation frameworks have arisen as very useful tools for developing and
testing vehicle dynamics control systems, including TV. Their effectiveness to reduce
the cost and development times, while keeping flexible development capabilities and
fulfilling demanding regulation standards for safety-critical systems have also aroused
the interest of the industry. This way, nowadays, they are a crucial tool in the
developing and testing process of control systems for automotive applications.

In summary, torque vectoring solutions are gaining more and more relevance in the
vehicle dynamics control systems area as they have the potential to not only enhance
the handling and safety, but also the overall efficiency, being the latter a critical issue
for EVs. For this purpose, considering the powertrain efficiency map and tyre forces
is crucial. And finally, considering implementability of the proposed approaches is
mandatory to ensure a proper transfer to the demanding EV market.

1.3 Objectives

The main objective of this thesis is to develop a real-time capable torque vectoring
control approach that is able to improve the handling and overall efficiency of All
Wheel Driven (AWD) electric vehicles. This goal will help to solve some of the most
important problems in EVs and, therefore, contribute to improve their widespread
adoption.

In this context, the following specific objectives have been defined in order to
achieve the main objective of this thesis:

(a) Define and validate a simulation framework for ADAS and vehicle dynamics
control systems development, that reduces the development and validation time
of TV approaches and enables a Hardware-in-the-loop approach.

(b) Analyze the proposed approaches on vehicle dynamics control systems, in par-
ticular TV systems, identifying the current limitations and technological chal-
lenges.

(c) Develop new real-time capable tyre force estimators based on intelligent ap-
proaches.

(d) Analyse the advantages of advanced model-based controllers, such as MPC,
and intelligent control approaches, such as fuzzy logic, to TV.

(e) Determine the implementability of the proposed approaches.

1.4 Structure of the document

In order to develop the aforementioned objectives, this thesis is structured in six
chapters. In addition to the introduction to the thesis, the document is organized as
follows:
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• Chapter 2, Torque Vectoring Algorithms: State of the Art: this chapter
presents a review of the torque vectoring systems focused on EVs. The study
covers the proposed approaches from an historical point of view, from the origin
of TV to current EV implementations. The open challenges and main issues of
the proposed approaches are identified.

• Chapter 3, Vehicle Dynamics Simulation Framework: this chapter presents
the simulation framework used for the evaluation of the approaches presented
in this Ph.D. Thesis. First, the necessity and advantages of having a reliable
simulation framework in automotive industry in order to develop and validate
different vehicle control systems is introduced. Then, the simulation environ-
ment proposed for this work, which is composed by a LTV MPC virtual driver
model and a multibody vehicle dynamics model, is deeply explained. Finally,
the validation of the proposed framework using real vehicle data is carried out.
This framework will be used in the next chapters to validate the proposed TV
approaches.

• Chapter 4, Intelligent Torque Vectoring: in this chapter the first contribu-
tion of this Ph.D. thesis is presented, which is the Intelligent Torque Vectoring
system. This novel approach is based on intelligent control techniques and
includes a vertical tyre forces estimator, which allows to enhance vehicle dy-
namics, and indirectly, efficiency. The design process and implementation of the
proposed approach is deeply addressed and explained. Finally, the TV approach
is evaluated by comparing its performance with other approaches proposed in
the literature.

• Chapter 5, Energy-efficient NMPC TV: in this chapter the second contri-
bution of this Ph.D. thesis is presented. As previously stated and analysed in
Chapter 2, the limited driving range derived by the energy consumption is one
of the biggest issues for EVs widespread adoption. Therefore, in this chapter
an energy-efficient NMPC TV system, which includes a fuzzy logic based cost
function weight adaptation mechanism, is proposed. This novel approach tar-
gets both the vehicle dynamics performance and the energy efficiency explicitly,
considering the powertrain and tyre slip power losses. The proposed TV ap-
proach is compared with the one presented in the aforementioned Chapter, and
the effect of the different terms of the MPC are analysed deeply.

• Chapter 6, Conclusions and future work. This chapter summarizes the con-
clusions obtained from this work, as well as its main contributions and future
research lines.

1.5 Publications derived from this thesis

The journal and conference publications derived from this Ph.D. thesis are presented
in this section. Table 1.1 shows the correspondence between the publications and the
Chapters associated.
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1.5. Publications derived from this thesis

Chapter Title Publication
2 Vehicle Dynamics Simulation Framework J4, C4
3 Torque vectoring systems state of the art C5, C9
4 Intelligent Torque Vectoring J1, J2, C1, C2, C3, C6, C7, C8
5 Energy-efficient NMPC TV J3

Table 1.1: Publications derived from this thesis and their correspondence with docu-
ment chapters.

Next, the publication list is detailed.

1.5.1 Publications in scientific journals

J1) Alberto Parra, Asier Zubizarreta, Joshué Pérez, and Martín Dendaluce, "Intelli-
gent Torque Vectoring Approach for Electric Vehicles with Per-Wheel Motors",
in Complexity, vol. 2018.

J2) Alberto Parra, Asier Zubizarreta, Joshué Pérez "Intelligent Torque Vector-
ing approach based on Fuzzy Logic Controller and Neural Network tire forces
estimator", in Neural Computing & Applications (Under review).

J3) Alberto Parra, Davide Tavernini, Patrick Gruber, Aldo Sorniotti, Asier Zu-
bizarreta and Joshué Pérez, "On nonlinear model predictive control for energy-
efficient torque-vectoring", in IEEE Transactions on Vehicular Technology.

J4) Alberto Parra, Antonio J. Rodríguez, Asier Zubizarreta, Joshué Pérez "Vali-
dation of an efficient multibody vehicle dynamics formulation for Automotive
Testing Frameworks based on Simulation", in IEEE Access (Under review).

1.5.2 Conference publications

C1 A. Parra, A. Zubizarreta and J. Pérez, "An Intelligent Torque Vectoring per-
formance evaluation comparison for electric vehicles," 2018 15th International
Conference on Control, Automation, Robotics and Vision (ICARCV), Singa-
pore, 2018, pp. 343-348.

C2 A. Parra, A. Zubizarreta and J. Pérez, "A comparative study of the effect
of Intelligent Control based Torque Vectoring Systems on EVs with different
powertrain architectures," 2019 IEEE Intelligent Transportation Systems Con-
ference (ITSC), Auckland, New Zealand, 2019, pp. 480-485.

C3 A. Parra, A. Zubizarreta and J. Pérez, "A novel Torque Vectoring Algorithm
with Regenerative Braking Capabilities," IECON 2019 - 45th Annual Confer-
ence of the IEEE Industrial Electronics Society, Lisbon, Portugal, 2019, pp.
2592-2597.
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C4 A. Parra, D. Cagigas, A. Zubizarreta, A. J. Rodríguez and P. Prieto, "Modelling
and Validation of Full Vehicle Model based on a Novel Multibody Formulation,"
IECON 2019 - 45th Annual Conference of the IEEE Industrial Electronics So-
ciety, Lisbon, Portugal, 2019, pp. 675-680.

C5 A. Parra, A. Zubizarreta , M. Diez , J. Corral , C. Pinto, "Fuzzy Traction Con-
trol System for Electric Vehicles," 15th EAEC European Automotive Congress
2017.

C6 A. Parra, M.Dendaluce, A. Zubizarreta and J. Pérez, "Novel Fuzzy Torque
Vectoring Controller for Electric Vehicles with per-wheel Motors," JJAA2017 -
Jornadas de Automática, Gijón, Spain, 2017.

C7 A. Parra, A. Zubizarreta and J. Pérez, "Torque Vectoring System based on
Intelligent Control Techniches for Electric Vehicles with per-wheel motors,"
JJAA2018 - Jornadas de Automática, Badajoz, Spain, 2018.

C8 A. Parra, A. Zubizarreta and J. Pérez, "Novel Fuzzy Torque Vectoring Con-
troller for Electric Vehicles with per-wheel Motors," JJAA2019 - Jornadas de
Automática, Ferrol, Spain, 2019.

C9 A. Parra, A. Zubizarreta and J. Pérez, "Estrategias de Torque Vectoring en Ve-
hículos Eléctricos: Una revisión del Estado del Arte," SAAEI 2019 - Seminario
Anual de Automática y Electrónica Industrial, Córdoba, Spain, 2019.
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2.1 Introduction

Torque Vectoring was first introduced in the 1990s to enhance the dynamics of vehi-
cles. However, the introduction of EVs, the possibility of multi-motor topologies and
the need for increasing the range of current EVs have increased the interest in this
approach in the last years.

In this section, the most important TV approaches proposed in industry and
academia are analysed in detail. First, a brief introduction to the fundamentals of
vehicle dynamics is presented, which introduces the most important concepts and
terminologies used on the rest of this Ph.D. Thesis. Then, a brief historical review on
the vehicle dynamics control systems used in the literature is presented. Moreover,
TV approaches proposed for EVs are analysed, detailing those considering efficiency
in their formulations. Due to its relevance in TV systems, a brief review of tyre forces
estimation is included in the latter subsection. Finally, the most important ideas are
summarized, and the key open issues regarding TV approaches highlighted.

2.2 Vehicle Dynamics Fundamentals

The main objective of this section is to provide a brief introduction to vehicle dynamics
and torque vectoring fundamentals. In addition, the concepts and terminology used
in the next sections and chapters are presented.

2.2.1 Vehicle Coordinates System (ISO 8855)

In this thesis, the vehicle coordinates system defined in the ISO 8855 standard [36]
is used. The axis associated with this coordinate system are shown in Figure 2.1.

This reference system has its origin in the centre of gravity (CoG) of the vehi-
cle. The longitudinal dynamics are reflected in the x-axis, while lateral and vertical
dynamics are reflected in the y and z-axis, respectively.

The orientation of the vehicle is defined by three angles defined in the Roll-Pitch-
Yaw convention: the roll angle � is associated to the x-axis angle; the pitch angle
✓ is associated to the y -axis; and the yaw angle  , is associated to the z-axis. For
example, yaw moment (Mz) is the torque along the vertical axis, while the yaw rate
( ̇) is the vertical axis angular speed. This angle convention is maintained through
all the thesis.

Alberto Parra Delgado 13



2. Torque Vectoring Algorithms: State of the Art

Figure 2.1: ISO 8855 [2]

2.2.2 Tyre Forces and Moments

Tyre forces are generated in the tyre contact patch due to the vehicle motion. The
resultant force will determine how the vehicle is moving and can be split into three
components (see Figure 2.2): the longitudinal force Fx (generated by traction and
braking forces and rolling resistance), the lateral force Fy (generated when the vehicle
is turning) and the vertical force Fz (generated by vehicle mass and roll and pitch
dynamics). In the same way, My and Mz represent the moments along tyre’s y -axis
and z-axis. On the other hand, V represents the total speed, Vx the longitudinal
speed, ↵ the slip angle (see Section 2.2.3), ! the angular speed and rf , re and r the
free unloaded radius, the effective radius and the loaded radius, respectively.

2.2.3 Tyre Slip and its effect on cornering

Tyre slip in vehicle dynamics is the relative motion between a tyre and the road surface,
where it is moving on. This slip can be generated either by the tyre’s rotational speed
being greater or less than the free-rolling speed (usually described as longitudinal slip)
or by the tyre’s plane of rotation, being at an angle to its direction of motion (referred
to as lateral slip).

This way, the following concepts are defined:

• Longitudinal slip: also known as slip ratio,

 = �
Vx � re⌦
Vx

(2.1)

• Lateral slip: also known as slip angle
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ω

ω

Figure 2.2: Slip angle and force and moment positive directions [3]

↵ = � arctan
3
Vy

Vx

4
(2.2)

Tyre forces and the slip phenomenon have a direct effect on vehicle cornering. In
this sense, a relevant variable is the so-called sideslip angle (�). This is the angle
between the direction in which the chassis is pointing and the direction in which it is
travelling (see Figure 2.3).

Figure 2.3: Vehicle diagram

This angle is traditionally used to define two cornering behaviours in vehicle dy-
namics: understeering and oversteering (Figure 2.4). Understeering is understood as
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a condition where, while cornering, the front tyres begin to slip first. Since the front
tyres are slipping and the rear tyres have grip, the vehicle will turn less than if all tyres
had grip.

Oversteer is the opposite behaviour. This is, when the rear tyres lose more grip
than front tyres, causing the rear part of the vehicle to slide towards the outside of
the corner, thereby creating a feeling that the car is trying to spin.

Understeering Oversteering

Figure 2.4: Understeering and oversteering [4]

Another important term in vehicle dynamics is the so-called understeering gradient
(K). The understeering gradient is defined as the derivative of the front tyres average
steer angle for the lateral acceleration imposed to the vehicle at its centre of gravity,

K =
@�

@ay
(2.3)

This parameter evaluates the tendency of the vehicle, in steady-state cornering,
to understeer (vehicle demands higher steering angles to keep the same curve radius
at higher speeds) or oversteer (vehicle demands lower steering angles to keep the
same curve radius at higher speeds). Figure 2.5 shows the understeering gradient,
where the neutral steer depends only on the curve radius and not on the vehicle speed.

2.2.4 Increasing Cornering Performance using proper tyre forces
distribution

Once that the aforementioned terms have been explained, a brief introduction on the
cornering performance enhancement through tyre forces distribution is detailed in this
subsection.
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Figure 2.5: Understeering Gradient [3]

From the aforementioned definitions it can be understood that tyre forces directly
affect the cornering performance of a vehicle thanks to the lateral force and yaw
moment generated through the force distribution. The evaluation of the vehicle
cornering performance (see Figure 2.6) is usually carried out through the analysis of
the trend of the steering angle, �, as a function of the vehicle lateral acceleration, ay
(this is, the understeering gradient K, explained in subsection 2.2.3).

In particular, the vehicle’s response for a steering input is linear within a certain
lateral acceleration threshold, which is usually about 0.5 g at constant vehicle speed
[5]. Beyond this threshold value, the response becomes and remains nonlinear until
the maximum lateral acceleration of the vehicle, i.e. its steady-state cornering limit,
is reached (see the black solid curve in Figure 2.6).

The two dashed curves in Figure 2.6 represent possible targets that can be
achieved through the implementation of tyre forces distribution algorithms. For in-
stance, the linear region can be extended above the lateral acceleration limit of 0.5 g
(see the green dashed curve in Figure 2.6). Also, the understeer gradient can be re-
duced in order to enhance vehicle responsiveness (see the blue dashed curve in Figure
2.6). Finally, the maximum level of lateral acceleration can be increased as is shown
for both controlled vehicles of Figure 2.6.

In conclusion, an optimal tyre forces distribution can effectively improve the cor-
nering performance of vehicles in several ways. This optimal distribution can be
achieved controlling wheel torques, which is achieved by the use of lateral dynam-
ics control systems. Additionally, not only understeering can be reduced, but also
oversteering in stability loss situations. In the next section a deep review of vehicle
dynamics control systems from a historical point of view is provided.
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Figure 2.6: Understeering behaviour improvement thanks to TV strategy [5]

2.3 An overview on Vehicle Dynamics Control

2.3.1 Origins

The first approaches in vehicle dynamics control systems were proposed in the 80s and
were focused on controlling each wheel, more specifically their slip, both in braking
(ABS) and traction conditions (TCS) [37]. Their success opened the way to more
complex approaches that considered the dynamics of the vehicle as a whole.

Later, in the mid-1980s, the 4 Wheel Steering (4WS) and semi-active/active
suspension systems were introduced [25]. However, due to their high maintenance
and production costs, they were difficult to justify for mass production, and their
implementation was limited to a few vehicle models.

The increase of computational power during the 1990s, allowed for more studies in
the lateral vehicle dynamics control systems field, focusing mainly on left-to-right tyre
force distributions, since at that time most vehicles had either rear or front tractive
wheels. Amongst these proposals, the Direct Yaw Control system (DYC) [38] was
one of the most promising ones, as its objective was to control the vehicle yaw motion
through the aforementioned tyre forces distribution.

This work provided several important results regarding the importance of the
sideslip angle � for the stability in cornering conditions, especially in combined cor-
nering and acceleration/braking conditions. This way its was demonstrated that the
available yaw moment Mz for a specific steering angle decreases when high sideslip
angle values � exist (Figure 2.7). Moreover, this study indicated that the yaw moment
Mz under steady-state cornering could be expressed as a function of the longitudinal
and lateral accelerations. Thus, through the use of an external yaw moment, the
influence of acceleration and deceleration on the vehicle’s manoeuvrability could be
minimized.

The DYC approach was applied on an All-Wheel Driven (AWD) vehicle where this
yaw moment was expressed as a distribution of the traction and braking forces on the
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Figure 2.7: Stabilizing yaw moment as a function of vehicle sideslip angle in conditions
of constant velocity and vehicle acceleration / deceleration (torque vectoring on the
rear axle) [5]

rear wheels, while the front-to-rear distribution was kept constant. The simulation
and experimental results showed the validity of the method, paving the way for the
domination of braking-based stability systems by the end of the 90s and setting the
foundations for what today is known as Torque Vectoring.

From a historical point of view, three main DYC strategies have been developed
(Figure 2.8), being the Torque Vectoring the most recent of them [6]:

• Braking Based Stability Systems: These approaches started in the late 1980s
and consisted in modifying the resulting yaw moment of the vehicle by creating
a difference in the braking forces of the left and right side of the vehicle. This
strategy could easily be implemented on vehicles that featured ABS or TCS [37].

• Lateral Torque Distribution Systems: The implementation of active differentials
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allowed splitting the engine torque between the left and right wheels, resulting
in a difference in the driving torque between them.

• Torque Vectoring: These approaches can transfer torque from the left to the
right wheel and vice versa, as to create a braking torque on one wheel while
transferring the same amount as a driving torque to the opposite wheel.

Figure 2.8: Various types of direct yaw moment control [6]

The aforementioned approaches will be analysed next in detail.

2.3.2 Braking Based Stability systems

As previously stated, the first approaches for vehicle stability improvement made use
of vehicle’s braking system, as the technology to control the braking torque at each
wheel independently was already implemented in these vehicles.

Under this category the most successful vehicle dynamics control system in the
history of automotive industry can be found: Bosch’s Electronic Stability Program
(ESP) [39]. While Shibahata et al. [38] analysed the effect of a corrective yaw
moment on the dynamics of the vehicle across the full range of lateral acceleration,
the engineers at Bosch focused only on the limit handling cases. The ESP concept
was first introduced in [40], pointing out that since vehicle instability at its handling
limit was caused by the deteriorating effect of large sideslip angles, it was necessary to
control the sideslip angle along with the yaw motion of the vehicle. For that purpose,
the ESP controlled the whole vehicle’s yaw moment by manipulating the individual
wheel slip by using the existing hardware for ABS and TCS [26].

In parallel, other researchers were focused on the integration of a differential
braking strategy with an Active Front Steering (AFS) strategy [41] to extend the
operation of the system to the whole range of lateral acceleration. An example
is the work proposed in [42], where a H1 controller is proposed for this purpose.
The controller uses AFS and the differential braking to follow yaw rate and sideslip
angle references, while the driver steering wheel angle command is modelled as a
disturbance. It has to be noted that, as vehicle yaw rate can be easily measured
by a gyroscope or Inertial Measurement Unit (IMU) and is directly related to the
Yaw Moment Mz , usually this variable is used in this kind of systems for its proper
performance. Another robust control based approach is proposed by [43], where a
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Sliding Mode Controller (SMC) is designed to control both yaw rate and sideslip angle
while taking into account variations in the longitudinal dynamics.

These aforementioned works have demonstrated that the use of brakes for yaw
moment generation is effective across a wide range of vehicle operating conditions.
In particular, lateral braking control is very effective when the vehicle is at its handling
limit conditions, and it is widely used in these situations to ensure stability. However,
placing the braking system in the centre of a vehicle dynamics control system has
a deteriorating effect on the performance aspect of the vehicle as perceived by the
driver [6] [44], as it creates a negative feeling due to deceleration of the vehicle [45].

2.3.3 Lateral torque distribution

Although ESP remains the preferred stability control solution due to its quick and
reliable action, the negative feeling due to the braking of the vehicle in non-limit
conditions led to the search of alternatives. In the late 1990s, systems that enabled
lateral motor torque distribution were proposed. The basic idea was to freely split
the engine’s torque between the left and right wheels so that a yaw moment could
be generated allowing for the correction of understeer or oversteer situations.

In this category, the most popular solutions are mainly based on active differen-
tials which can regulate the direction of the torque towards the left or right wheels
under both limit and sub-limit conditions. Honda’s Active Torque Transfer System
(ATTS) [46] is considered the most successful example, with the system showing
better stability and handling during the combined conditions of cornering and accel-
eration/deceleration [24].

The main drawback of these proposals is their inability to generate a corrective
yaw moment when the engine torque input is zero [47], which is a clear disadvantage
during cruising or deceleration [6]. Moreover, they are expensive to develop and
produce, which limited their implementation.

2.3.4 Torque Vectoring

To be able to perform a torque distribution in any condition, that is, regardless of the
engine’s output torque, Torque Vectoring (TV) based approaches were proposed in
the late 1990s. Contrary to the aforementioned techniques, in TV systems the torque
can be transmitted from the left wheel to the right wheel, and vice versa, to generate
an amount of braking torque on one wheel while generating the same amount of
driving torque on the other wheel by using active differentials which feature a clutch
mechanism at either side. Therefore, it is possible to generate the yaw moment at
any time regardless of the engine’s torque, avoiding any conflict with the driver’s
acceleration and braking commands.

An example of a commercial implementation in this category is the Mitsubishi
Active Yaw Control System (AYC) installed on the 1996 Mitsubishi Lancer Evolution
IV [48], along with its subsequent variant, the Super AYC [6]. Following its basic
operating principle, torque vectoring is achieved by engaging the right or left a clutch
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of the differential, with the coupling of the clutches being regulated by an advanced
feedback controller.

Torque Vectoring also allows considering other torque distributions when the ve-
hicle powertrain topology allows it. In particular, in the case of All-Wheel Driven
(AWD) vehicles, the possibility of performing front-to-rear tyre forces distribution
through torque split between axles was first considered. With the increased popular-
ity of the Sport Utility Vehicle (SUV) segment in the turn of the century, interest in
this area aroused, with an increased number of related works.

Results demonstrate that this approach can also help to control the vehicle’s yaw
motion, as it can modify its understeering characteristics. Piyabongkarn [44] [49]
showed that if torque is transferred from the front to the rear wheels of the vehicle,
then, oversteering is induced.

However, the approach is not as effective as left-to-right torque distribution. An
early analysis from Motoyama [50] shows that front-to-rear has a clear lower potential
than left-to-right torque distribution in improving the cornering response of a vehicle.
These results were later confirmed by more recent works, motivated by SUV popularity
[28] [51] [52].

Finally, full torque distribution was analysed in [6] for AWD vehicles. In this work
it is demonstrated that torque distribution to all wheels is the best solution compared
to a Front Wheel Driven (FWD) or Rear Wheel Driven (RWD) approaches if the
generated distribution is appropriately carried out. However, as AWD vehicles are not
widely spread, and their typical applications are all-terrain vehicles, in which dynamic
performance on regular roads is not the priority, the commercial application of these
TV approaches are very few.

Nevertheless, the interest on TV approaches for AWD vehicles is prone to change
due to the introduction of a new generation of vehicles focused on sustainability:
electric vehicles (EVs). These provide exciting new possibilities in terms of powertrain
topologies, as multi-motor layouts are easy to implement, and electric motor control
allow further possibilities to develop novel vehicle dynamics control systems.

2.4 Torque Vectoring Algorithms for EVs

In recent years, environmental issues such as pollution and global warming have en-
couraged researches on highly energy-efficient systems. In this context, transport is
one of the sectors with a higher contribution to greenhouse gas (GHG) emissions,
with up to 27% of the global CO2 emissions [53]. Particularly, road transport repre-
sents 75% of the total transport emissions [54–56]. For this reason, the automotive
industry is actively involved in the reduction of such pollutants. The electrification
of road transport is opening new opportunities and challenges to the mechanical,
electronics and control engineers in the automotive industry [57–59].

Although there are clear advantages for using electric powertrains so as to achieve
a reduction of pollution emissions, there are still some open issues regarding their
implementation. From vehicle dynamics point of view, certain challenges arose when
the powertrain is exchanged from a conventional Internal Combustion Engine (ICE) to
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an electric motor. The most important ones are the increased sprung mass, packaging
constraints (mainly related to the necessary inclusion of the battery) and, in case
of in-wheel motors, also the increased unsprung mass and suspension packaging.
Nevertheless, for this last case, in particular, the powertrain architecture is greatly
simplified with less mechanical parts which offers further gains in terms of vehicle’s
overall packaging [60].

Several studies [61] have been carried out analysing the impact of the EV archi-
tecture on the overall vehicle dynamics in comparison with traditional ICE vehicles.
The results reveal that the increase in the sprung mass due to the extra load from the
batteries can impact roll stability, ride vibration and comfort while the increase in the
unsprung mass in the case of in-wheel motors makes the vertical wheel motion control
more challenging. The use of in-wheel motors may create even further problems, such
as the re-design of the steering system and suspension kinematics. Besides, in-wheel
motors powertrains may results in a lower unsprung mass natural frequency, bringing
it undesirably close to the frequency range that is most sensitive for the human body
in the vertical direction (4-8 Hz) [62]. Finally, regenerative braking functionality needs
to be properly studied, as the overall braking performance needs to appropriately blend
the regenerative braking with the existing hydraulic brake system, in order to provide
the exact braking force demanded by the driver while vehicle’s handling and balance
are not disturbed.

When considering vehicle dynamics control solutions, the same approaches de-
tailed in the previous section (TCS, ABS, ESP and DYC) can be applied. However,
thanks to the characteristics of electrified powertrains the distinction between the
different situations (traction, braking and cornering) can be eliminated, and optimal
performance in every condition can be achieved using only one type of actuator, the
electric motor. This is mostly possible due to the possibility of using the motor in
either motor or generator mode with an almost equal efficiency. Additionally, they
present other advantages over conventional drivelines, such as extremely quick and
accurate response and high energy efficiency of up to 90% [63] [64].

Besides, as detailed in the aforementioned section, the use of electric motors
open a wide set of possibilities regarding the powertrain topology (see Figure 2.9).
Multi-motor ones can be easily implemented and can provide an improvement on the
vehicle handling characteristics along the whole range of vehicle operation, combining
functionalities like the ESP, ABS/TCS and TV. In this sense, a large progress in TV
systems has been achieved in the last decade.

In the next sections, the typical structure of torque vectoring strategies for multi-
motor EVs will be detailed, and the different torque vectoring strategies proposed in
the literature analysed.

2.4.1 General Structure of a TV controller for EVs

Figure 2.10 shows the structure of a typical TV controller for EVs with multiple
motors [65]. It consists of three layers:

1. A reference generator, which provides the target dynamic behaviour of the
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Figure 2.9: Powertrain architecture of full electric vehicles. CM—central motor,
OBM—on-board motor, IWM—in-wheel motor, G—gearbox, D—differential gear.
Variants: (a) Direct central; (b) central with transmission; (c) on-board; (d) in-
wheel. Variant (c) can have either direct drive or gearbox transmission. Variants (c)
and (d) can have two- and four-wheel-drive implementation [7]
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Figure 2.10: Typical TV structure for EVs
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vehicle. This reference (for instance, the reference yaw rate ( ̇ref )) is calculated
by considering the driver inputs (steering wheel angle (�)) and the vehicle states
(e.g. vehicle speed (V ), longitudinal acceleration (ax)).

2. A high-level controller, which generates the overall traction/braking force de-
mand (FX) and yaw moment (Mz) demand, considering the reference values
generated in Layer 1, the driver inputs (steering wheel angle (�), pedals position
(⇢a and ⇢b)) and the vehicle states (e.g., vehicle speed (V ), longitudinal and
lateral accelerations (ax , ay )).

3. A low-level controller (or control allocator), which calculates the reference
torques (⌧i j) for the individual wheels or motors considering different vehicle
states and parameters (⇥) or estimated state or variables ( ), such as tyre
forces.

Note that in addition to these three layers, a set of State Estimators could be
required, which are common to all layers. This set of estimators for the variables of
the vehicle are required when the target variables are difficult to measure (or even
impossible). In particular, the knowledge of tyre forces is of interest in several TV
approaches, which requires proper estimators, as detailed in Section 2.4.4.

The aforementioned three layers can be designed considering only the vehicle
dynamics behaviour as well as other aspects such as energy efficiency or power con-
sumption. In the following subsections, the TV solutions proposed for EVs will be
detailed, classified depending on whether energy consumption is considered or not.

2.4.2 TV approaches focused on enhancing vehicle handling

In this section, the approaches that are focused on enhancing vehicle dynamics be-
haviour, and do not consider power consumption, are detailed.

In these approaches, the reference generator (Layer 1) usually only takes into ac-
count the desired understeering characteristics [66]. This reference is then compared
with the measured yaw rate (by an Inertial Measurement Unit (IMU)), in order to
calculate the desired direct yaw moment [16]. Additionally, the vehicle sideslip angle
is also considered in this layer, as it provides relevant information about the vehicle
dynamic state. As the measurement of this latter variable requires very expensive
sensors, it is usually estimated [67] [68]. Typical approaches to estimate the sideslip
angle with a good level of accuracy are the use of an Extended Kalman Filter (EKF)
or a neural network (NN) [69].

Different control solutions have been proposed in the literature for the high-level
controller (layer 2). The simpler ones, such as those based on Proportional Integral
Derivative control (PID) [16], demonstrate good performance in steady-state condi-
tions. More complex control techniques, such as Linear Parameter Varying Control
(LPV) [70], Sliding Mode Control (SMC) [71] [72] or Nonlinear Model Predictive
Control (NMPC) [73] provide better results both in steady-state and transient con-
ditions. However, the latter approaches usually imply higher computational cost and
present higher model dependency, limiting their performance if proper modelling and
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identifications are not carried out. Hence, with the purpose of reducing model de-
pendency while maintaining the performance, Intelligent Control Approaches, such as
Neural Networks [74] or Fuzzy logic systems [75], have been considered. These latter
approaches usually require less computational cost and are able to handle multiple
objectives easily [76].

The Control allocation (layer 3) is only active in AWD vehicles, as it is possible
to distribute the torque between the front and the rear axle. If energy consumption
is not considered, the control allocation is usually carried out attending to variables
related to the tyres, such as the slip ratio [77] or tyre forces. In particular, one of
the most effective methods is to estimate (using the state estimation block in Figure
2.10) the tyre vertical forces, as the tyres with a greater load will be able to transmit
more torque to the road [78, 79]. A detailed analysis of the tyre forces estimation is
carried out in Section 2.4.4.

In summary, the TV approaches that only consider vehicle dynamics behaviour
have reached a good level of maturity, having a good adoption in the automotive
industry. For this reason, currently, most of the works related to TV Systems are
focused on strategies that include other terms. In particular, as driving range is one of
the main concerns in EVs and one of the most important obstacles for their widespread
adoption, there is an increasing number of works that include energy efficiency terms
in the TV control approach. These approaches will be detailed in the next section.

2.4.3 TV approaches focused on enhancing vehicle handling and
energy efficiency

The wheel torque distribution has an important effect on the powertrain losses, which
include the losses related to the inverter, electric motor and transmission (if present),
as well as on the longitudinal and lateral tyre slip power losses [80] [81]. Hence, a
TV strategy can have an impact not only on vehicle dynamics but also on energy
efficiency.

The implementation of energy-efficient TV approaches can be carried out consid-
ering the different layers detailed in Section 2.4.1. Regarding the reference generation
layer (Layer 1), recent experimental and simulation-based research works, see [80] [81]
and [82], show that, during cornering, the level of vehicle understeer (typically de-
cided by Layer 1 of the TV control structure) has at least an equivalent impact on the
energy consumption as the control allocation algorithm (layer 3). These preliminary
studies discuss the potential benefits of energy-efficient direct yaw moment charac-
teristics on powertrain and tyre slip power losses and obtained through suboptimal
rule-based or open-loop algorithms. For example, Kobayashi et al. [81] demonstrate
that the minimization of the tyre slip power losses occurs if the tyre slip velocity
vectors (which are directly related to tyre forces) are the same at the four vehicle
corners. Hence, in this work is demonstrated that to minimize the tyre slip power
losses the knowledge of tyre forces is crucial. In [65], De Filippis et al. obtain an
analytical expression of the energy-efficient direct yaw moment in terms of powertrain
power losses, implying the activation of an increasing number of powertrains with in-
creasing torque demand. In case of redundant optimal solutions from the powertrain
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power losses point of view, rules are set to select the best option in terms of tyre
slip power losses. A quasi-static vehicle modelling approach is adopted in [83] to
derive rules for the calculation of a feedforward energy-efficient direct yaw moment
controller as a function of torque demand, with a feedback contribution intervening
only in safety-critical conditions.

The previous studies show the energy-saving potential of shaping the reference
cornering response and establish the path for developing energy-efficient TV sys-
tems. Nevertheless, the main disadvantage that they present is that they are not
implemented through feedback control structures, and therefore, they are not ca-
pable of compensating unexpected EV behaviour caused by the variation of system
parameters or transients, as they use simplified feedforward controllers or rule-based
algorithms.

To solve this issue, in the last two years there has been an increasing num-
ber of works that propose feedback TV controllers, considering energy efficiency
terms that are implemented on Layers 2-3 (Figure 2.10). Generally, these works
use optimization-based controllers. In [84], a hybrid MPC (hMPC) TV controller
(layer 2) combined with a Multi-Objective torque distribution strategy (layer 3) that
minimizes the powertrain losses in a 4WD vehicle is proposed, achieving an energy
consumption reduction of 26,7% in the single lane change manoeuvre (compared to
ESP method) and a 9.29% in the NEDC (New European Driving Cycle). In [85],
an energy-efficient NMPC TV system is proposed. This approach only considers the
powertrain power losses and tries to minimize the tyre slip power losses through a soft
constraint for the slip ratio in the cost function, achieving an increment of 4.50%
and 0.80% compared to [86] in energy-saving under double lane change and straight
acceleration manoeuvres respectively. Finally, Zhao et al. [87] propose a LQR based
stability control system, which combines a TV controller with an AFS, that minimizes
tyre slip power losses, showing that in a lane change manoeuvre tyre slip power losses
can be reduced up to 16%.

Due to their potential, intelligent control techniques have also been applied for
developing energy-efficient TV approaches. In [88], an energy-efficient TV is pre-
sented, which combines a Fuzzy Logic-based yaw moment controller (layer 2) with
a control allocation system (layer 3) that minimizes the total instantaneous output
power and maximizes the tyre adhesion margin. The system has been tested through
the double lane change manoeuvre in low and high friction conditions and results
show that the proposed system can reduce the energy consumption up to 23% and
12%, respectively.

Both approaches, optimization-based controllers and intelligent control based sys-
tems provide advantages and disadvantages. While optimization-based controllers
seem to be the most natural solution when considering energy efficiency, as several
variables have to be tracked and minimized, their model dependency can cause several
problems in real vehicles due to parameter uncertainties. On the other hand, con-
trollers based on intelligent control techniques can reduce the model dependency, but
their tuning becomes much more complex as many variables have to be considered.
Therefore, the control technique to be used is still an open point in energy-efficient
TV systems.
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Hence, although it has been demonstrated that energy-efficient TV systems can
effectively help to reduce the overall energy consumption, reducing both powertrain
losses and tyre slip power losses, this is still an open research area. In fact, from the
analysis carried out, it can be concluded that four key issues should be considered when
designing an energy-efficient TV approach: First, both main power losses sources,
this is powertrain and tyres, should be considered to improve efficiency. Second,
generating the yaw rate reference (layer 1) considering the control allocation algorithm
(layer 3) is required to prevent conflicts between the different control layers involved
in the power loss management. Third, the TV approach should allow operational
flexibility depending on the driving situation, i.e., prioritize energy efficiency during
normal driving and vehicle safety and stability in extreme manoeuvres. Finally, if tyre
power losses are considered, the estimation of the forces actuating on them is a
crucial issue.

2.4.4 Tyre forces estimation

The aforementioned TV approaches require, for their operation, state variables related
to the vehicle (Figure 2.10), such as the measurement or estimation of the yaw rate
or the slip.

However, one of the most challenging variable to be measured are the tyre forces
(see Section 2.2.2 and Figure 2.2), which some TV approaches require to operate
[78–81, 83]. Note that these variables are the most significant element influencing
the vehicle longitudinal and lateral behaviour [89], and are also essential for safety
purposes [90,91].

Ideally, the best solution would be to measure directly the forces generated at the
tyre contact patch. According to the literature reviewed, there exist three main solu-
tions to achieve this task: Smart tyres [92] [93], Wheel Force Transducers (WFT) [94]
and load-Sensing Hub Bearings (LSB) [95] [96] (see Figure 2.11). The Smart Tyre
technology is still under development [97] and current results indicate that further
investigations are required before this technology can be implemented in regular tyres.
WFT are still too costly to be mounted in production vehicles [98] and their use is
reduced to testing activities during vehicle development stages [99]. Finally, despite
some companies have developed different LSB designs, these are still not commer-
cially available.

The limitations derived from the previous solutions have contributed to increase
the interest in approaches to estimate tyre forces from measurements already available
in the CAN bus of modern vehicles. This way, estimators for the tyre forces usually
can be classified into two groups: those which estimate planar forces (XY axis) and
those which estimate vertical forces (Z-axis).

In the literature, both model [90, 98, 100, 101] and model-less [3, 90, 102–109]
approaches have been proposed to estimate the x and y tyre force components.
However, these estimators are typically used for motorsport applications, but not for
implementing in TV systems.

On the other hand, the estimation of the tyre vertical forces Fz provides important
information for optimum torque distribution, as the tyres with more vertical force have
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Figure 2.11: Pirelli smart tyres, Kistler WFT and NSK LSB

greater grip and are able to transmit more force to the road. Neglecting aerodynamic
effects, tyre vertical forces can be considered a sum of the following terms: static
loads, chassis inertial loads, and wheel dynamic loads. These are reflected in Eq. 2.4,

Fz = Fz,st + �Fz,road + �Fz,ai i 2 x, y (2.4)

where Fz,st represent the static loads, chassis inertial loads �Fz,ai are caused by the
lateral and longitudinal accelerations experienced by the sprung and unsprung mass,
while wheel dynamic loads �Fz,road are caused by the road disturbances.

The estimation of Fz has been carried out with two main approaches in the
literature: Static and dynamic estimators. The first neglect the wheel dynamic loads
(�Fz,road = 0), roll and pitch dynamics (✓̇b, ✓̈b ⇡ 0, �̇b, �̈b ⇡ 0) and assume that the
weight transfer occurs as a consequence of continuous quasi-static events (see Figure
2.2). However, due to these simplifications these approaches [18, 100, 104, 110] are
only suitable for steady-state conditions, and the accuracy of the estimation depends
on the degree of complexity introduced in the weight transfer model. Therefore,
these types of estimators are not optimal for vehicle dynamics control application,
such as TV systems.

Moreover, Dynamic-based estimators can improve the vertical force estimation
during transient situations, as they consider the dynamic forces interacting on the
wheel, and hence, they are the most suitable ones for their application in TV sys-
tems. Traditionally, their implementation has been carried out using model-based
observers. These require the parametrization of the suspension and the measure-
ment or estimation of the roll and pitch angles. The estimation of the latter is out
of the scope of this thesis and a deep discussion can be found in [111] [91] [112].

Depending on the complexity of the suspension dynamics, different approaches
have been proposed in the literature. The simpler ones consider only roll dynamics,
as in [90] and [98], which use a Linear Kalman filter (LKF) to estimate the total
lateral load transfer. This is used as a pseudo-measurement in a second observer,
based on an Extended Kalman Filter (EKF), to estimate the wheel-ground normal
forces using a static approach. The observer structure is tested experimentally in a
slalom test, where low errors (below 3% average) are obtained. In [78], a similar
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approach is used, but the roll angle is estimated using the approach described in [91]
and the longitudinal weight transfer contribution is calculated using a static approach.

Both roll and pitch dynamics are considered in [113], which is an extension of [90].
In this approach, roll and pitch angles are determined from suspension deflection sen-
sors, the roll and pitch centres are assumed to be static, and the derivative terms
of the lateral and longitudinal accelerations are modelled as random-walk variables.
The observer is first simulated and then validated experimentally under dynamic ma-
noeuvres performed on banked roads. The results show that the accuracy of the
estimations is improved, from 4% to 2% average, for the cases in which only roll
dynamics are considered.

Figure 2.12: Scheme of the quarter-car model [8, 9]

The previous approaches present a common limitation as they do not consider the
vertical force component due to the road disturbances. Thus, they are only suitable
to estimate the tyre vertical forces when the road is smooth and severe irregularities
are not present. To capture the wheel dynamic loads, it is necessary to model the
relative displacement between the sprung and unsprung mass. In [9], a linear quarter-
car vehicle model, is proposed to estimate the dynamic vertical loads (Figure 2.12).
The suspension force S(t) is assumed to be determined by measuring the elastic
deformations inside or near the suspension top mounts. Then, using a linear simplified
suspension dynamics model, the tyre force Fz is related to the strain measured at the
suspension top mount. The observer is validated in Simulink and CarSim. Results
demonstrate that the observer performs well, although some inaccuracies are seen
due to the suspension system non-linearities and unmodelled longitudinal and lateral
dynamics (unsprung mass and kinematic weight transfer).

In general terms, model-based observers perform better when the model complex-
ity is increased, this is, when more dynamic effects are considered on it (roll, pitch,
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weight transfer). In the particular case of TV, proper approximation during transient
situations is required, as one of the most important situations where TV systems
have to act are in emergency manoeuvres. However, two main issues arise when
considering these approaches. First, the need to model and characterize properly the
suspension dynamics of the vehicle; and second, the need to measure or estimate
suspension related variables such as roll and pitch states, which is not a trivial task.

Due to these issues, in the last decade Artificial Intelligence-based estimators
have been proposed, such as artificial neural networks (ANN) [108] or fuzzy logic
[109]. These approaches do not require an explicit model to operate, but a proper
experimental dataset to be trained and evaluated. Besides, due to recent advances
in embedded platforms, the computational cost related to these approaches can be
reduced significantly, being able to be implemented in real ECUs and fulfil real-time
targets [114]. Currently, this is an open research area with big application potential
for TV systems and other vehicle dynamics control approaches.

2.5 Conclusions

From the analysis carried out it can be concluded that vehicle dynamics control sys-
tems for EVs are a key element to not only enhance the vehicle dynamics performance,
but also to reduce the energy consumption of the vehicle. In fact, energy-efficiency
is a key issue for the Automotive Industry and one of the most active research topic
in this area, as advances in this area will help to increase the widespread adoption of
EVs.

Among the different vehicle dynamics control systems, TV systems are one of
the most successful ones, as they allow to distribute optimally the acceleration or
braking torque among the different wheels. However, designing and implementing a
TV system is not trivial, as several aspects have to be considered.

First, the specific control technique has to be properly selected. Simple con-
trollers, such as PID controllers, are able to provide good performance only in steady-
state conditions. When more complex scenarios are considered, such as those where
transient conditions are critical, more complex controllers are required. Two main
approaches are of interest in this area: model based controllers, such as MPC, which
presents high flexibility to include additional terms at higher model dependency and
computational cost; or intelligent control approaches, which present proper perfor-
mance with lower model dependency.

When considering handling enhancement, the consideration of the tyre forces
(implicit or explicitly) is of great importance, as this knowledge allows to determine
which tyres have the possibility of transmitting more force. However, measuring tyre
forces is complex, typically requiring the use of estimators. Although model-based
ones provide the best accuracy, their parameters are complex to identify, and some
of the variables required to estimate the forces using these approaches are, again,
difficult to measure. In this sense, the use of intelligent approaches to estimate tyre
forces is a promising area of research.

On the other hand, when considering energy-efficiency, typically TV approaches
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focus on optimizing the energy-efficiency of each control layer independently. This
derives in conflicts between layers, which may reduce the overall efficiency increase
of the TV approach. In this sense, the integration of several layers seems the best
alternative to avoid this effect.

In addition, being tyres one of the most important elements for vehicle dynamics,
they are also an important source for power losses due to slip. Hence, energy-efficient
TV approaches should focus on minimizing not only the powertrain losses, but also
the losses due to tyre slip. This can be carried out considering directly the power loss
term in the controller, or indirectly by minimizing the slip of the wheels.

Moreover, TV response is very important in critical situations where stability is
to be maintained. Although this is a key issue in the TV approaches proposed exclu-
sively for enhancing vehicle dynamics behaviour, when energy-efficient considerations
are included the TV performance in critical scenarios can be reduced. Hence, TV
approaches for EVs should consider operational flexibility depending on the driving
situation, i.e., prioritize energy efficiency during normal driving and vehicle safety and
stability in extreme manoeuvres.

Finally, in order to be successful, implementability has to be considered when
designing a TV approach. Some of the approaches with higher potential, such as MPC
or intelligent approaches, can present high computational cost when more and more
terms are included in the controller. However, new embedded platforms that combine
different hardware devices, such as a microcontroller and a FPGA, have opened the
door to the implementation of each subsystem of the controller in the most suitable
device, reducing the execution time and enabling real-time performance. In this sense,
proper hardware-in-the loop testing is mandatory to ensure the performance of the
controller.

Taking into account the aforementioned key areas, in this PhD Thesis two TV
approaches are proposed. First, an intelligent TV approach, based on intelligent con-
trol techniques and the use of an intelligent vertical tyre forces estimator (Chapter
4). This approach tries to reduce the power losses of the tyres implicitly, and provides
a very low model dependency, which allows to be easily applied to different vehicles
and conditions. Second, an energy-efficient nonlinear MPC TV approach which con-
siders power losses explicitly in its formulation, combining several layers to obtain the
optimum efficiency (Chapter 5).

In addition, as previously stated, implementation has also to be considered. Hence,
in order to test the aforementioned approach, a complete Simulation Framework to
test ADAS and vehicle dynamics control systems has been developed. This framework
which enables a hardware-in-the-loop setup, is detailed first in the next Chapter, as
it will be the basis for the validations in Chapters 4 and 5.
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This chapter presents the simulation framework used for the evalu-
ation of the approaches presented in this Ph.D. Thesis. First, the
necessity and advantages of having a reliable simulation framework in
automotive industry in order to develop and validate different vehicle
control systems is introduced. Then, the simulation environment
proposed for this work, which is composed by a LTV MPC virtual
driver model and a multibody vehicle dynamics model, is deeply
explained. Finally, the validation of the proposed framework using
real vehicle data is carried out. This framework will be used in the
next chapters to validate the proposed TV approaches.
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3.1 Introduction

Testing and validation is a key area in the automotive industry. Each new feature and
functionality, such as new TV approaches, has to be properly tested, validated and
certified before their implementation in marketed vehicles, to ensure their safety and
effectiveness.

However, modern vehicles are becoming more and more complex due to the in-
crease on new functionalities such as electrified multi-motor powertrains, vehicle dy-
namics control systems such as TV, and automated driving (AD) features. These
complex algorithms are certainly further pushing the complexity of traditional valida-
tion approaches [34,115–117]. In fact, traditional track-based scenarios, wide-spread
in the automotive industry, do not provide enough flexibility to test all possible sit-
uations that these new features can handle, and significantly increase the cost and
time to market [115] [118].

Hence, the development of accurate and reliable simulation frameworks that can
replicate the behaviour of real vehicles has become mandatory in the Automotive
Industry. These can be used to reduce the complexity of testing and validation tasks.
Besides, these frameworks can also reduce their cost and required time, by providing
a more flexible development environment that can also be combined with traditional
track testing.

In this context, in this Chapter, a novel vehicle dynamics simulation framework
is proposed, which will be used in the following chapters to test the proposed TV
algorithms. The proposed framework is based on the multibody vehicle dynamics
simulator Dynacar [119] designed by Tecnalia [120]. It will consider critical situations
when driving, allowing to compare in an objective way the algorithms proposed.

This Chapter is structured into two main sections. First, the proposed simulation
framework for ADAS and vehicle dynamics control systems testing is presented, and
its fundamental blocks detailed. Second, the framework is validated considering a
real study case, a set of experimental tests and a HiL setup. This latter section will
demonstrate the validity of the framework to test the TV approaches proposed in
this PhD. Thesis.

3.2 Simulation Framework

The main goal of this section is to explain the structure and the subsystems that
define the proposed Vehicle Dynamics Simulation Framework. The proposed sim-
ulation framework can be implemented in different real-time environments, such as
Matlab/Simulink [121] or Veristand [122], and different hardware, such as PCs or

Alberto Parra Delgado 35



3. Vehicle Dynamics Simulation Framework

National Instruments PXI platforms, which allow co-simulation and hardware in the
loop (HiL) testing setups. A general view of the framework is shown in Figure 3.1,
in which five main blocks are identified: a Virtual Driver, a Controller block for ve-
hicle dynamics control systems (or ADAS) implementation, a Powertrain model, the
vehicle dynamics model and, finally the road/scenario block.

Vehicle
Driver 

Commands

Steering Angle
Wheel Torques

Commands
Vehicle 

Dynamics

Steering
Acc. Pedal

Brake Pedal

Control Algorithms 
Outputs

Two driving modes:
• Closed-Loop

o Trajectory control
o Speed control

• Open-Loop 
o Preloaded signals

Control algorithms to be tested:
• ADAS
• Powertrain control systems
• Vehicle Dynamics 
• Efficiency algorithms

Different powertrain 
architectures:
• Full EV

• Single Motor
• Multiple Motor
• Motor in Wheel
• FWD, RWD, AWD

• Traditional Powertrain
• Internal Combustion 

Engine (ICE)
• Hybrid

• Parallel Hybrid
• Series Hybrid

High fidelity vehicle dynamics 
model:
• Multibody formulation
• 16 Degree of freedom
• Real-time execution 

capabilities

Road /Scenario

1 2 3 4

Figure 3.1: Structure of the proposed framework

The Virtual Driver block provides the steering angle and throttle/brake pedal
signals. These three signals can be obtained by the use of a Virtual Driver Model,
implemented using a LTV Model-based Predictive Controller (closed-loop tests), or
by introducing preloaded signals (open loop tests).

An appropriate Driver Model is crucial for ensuring an objective evaluation of
the simulated tests and their repeatability. It also should be able to reproduce the
driver behaviour and be tuned for emulating different scenarios (sporty driving, effi-
cient driving,...). This way, these different driving behaviours can also be tested and
validated before track testing. More detailed analysis of the implementation of the
Driver Model will be presented in Section 3.2.2.

The second block implements the control algorithm to be tested. In this subsys-
tem, the desired ADAS/ADS or vehicle dynamics control system (such as TV) can be
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implemented, in order to validate its performance in different scenarios before testing
them in the real vehicle. The TV algorithms proposed in this PhD. Thesis (detailed
in Chapters 4 and 5) have been implemented in this subsystem for testing.

The third and fourth blocks implement the vehicle to be tested. Different from
other frameworks, in the proposed one the powertrain model is differentiated from the
vehicle dynamics. The powertrain model will receive the control signals and generate
the required torques on the tractive wheels. Note that Hybrid Vehicles and EVs permit
the implementation of different powertrain architectures (internal combustion engine,
hybrid powertrain, pure electric with multiple motors), hence, this structure provides
flexibility when testing different powertrain configurations for the same vehicle.

The fourth block represents the vehicle dynamics model, which will define the
motion of the vehicle considering the driving and braking torques calculated by the
powertrain model, the steering wheel and the particular scenario loaded (the road
parameters). The main goal of this block is to emulate as accurately as possible the
dynamics of a real vehicle, so that the tested control approaches can be validated
in a realistic scenario while ensuring real-time performance for simulation purposes.
Hence, the model complexity and accuracy need to be balanced. For this purpose, a
computationally efficient 14 degrees of freedom multibody dynamic model is imple-
mented. The outputs of this block, this is, the vehicle motion and internal parameters,
are used as feedback for the rest of the blocks. More detail regarding the particular
multibody formulation implemented in this block is given in Section 3.2.1.

Finally, the road/scenario block, where the test to be performed and the physical
environment is set. Therefore, this block provides relevant information to both the
virtual driver model and the vehicle dynamics model. In particular, it provides the
reference trajectory and the physical ground, respectively.

In the next sections, both the multibody vehicle dynamics model and the Virtual
Driver model will be explained in more detail, as they are considered crucial elements
in the developed validation framework.

3.2.1 Multibody Vehicle Dynamics Model

In the literature, several vehicle model approaches can be found. Traditionally, simple
models based on analytical approaches [67, 123–125] are used when testing control
approaches in real-time, as they are easy to implement. However, their accuracy is
limited to certain scenarios, as they neglect lateral, longitudinal or vertical dynamics
[126].

When accuracy is required in a wider set of scenarios, including those related to
critical ones, the multibody formulation [89, 127] is traditionally used. A multibody
model is defined as an assembly of two or more bodies imperfectly joined together,
having the possibility of relative movement between them. This approach can describe
more accurately vehicle dynamics, while increasing its complexity and computational
cost.

To reduce the execution time, and provide a balance between computational cost
and accuracy, several considerations can be implemented in the formulation, such as
simplifications in the model and a proper selection of the numerical integrator [89].
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In this section, the computationally efficient 14 degrees-of-freedom model presented
in [127], and used for vehicle dynamics purposes in [128] is explained to describe the
dynamics of the vehicle. The proposed approach is computationally efficient, allowing
to be executed in real-time.

Next, the modelling approach will be detailed. For that purpose, first, the co-
ordinates selection to describe the model will be defined. Second, the multibody
formulation and the defined simplifications will be detailed. Third, the implemented
tyre model will be described. Finally, the suspension and steering models will be
explained.

In order to provide a more clear view of the multibody vehicle dynamics model
structure, a simplified diagram is shown in Figure 3.2.

Figure 3.2: Vehicle dynamics model structure

3.2.1.1 Coordinates Selection

Since the coordinates selected have direct effects on the complexity of a multibody
model, and hence, on its real-time performance, it is important to select first an
appropriate set of coordinates. In this sense, two main choices have to be performed
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about the type of coordinates used (independent or dependent) and the approach
used to define the coordinates (global or topological approaches).

Regarding the types of coordinates, traditionally two different methods have been
used in the literature: independent or dependent coordinates. Using the latter one
means that the number of coordinates is equal to the number of degrees-of-freedom
and is therefore minimal, leading to a more efficient simulation. However, in closed-
loop systems employing independent coordinates could result in an undetermined
system. On the other hand, dependent coordinates can define unequivocally the
movement of a system, employing a higher number of coordinates. Nevertheless,
they must be related with constraint equations, which increases the computational
cost of the simulation [89].

The definition of the coordinates also impacts the complexity of the model. Global
methods are used to define the system in an absolute form, being systematic to im-
plement, but not very efficient since they lead to a high number of variables and
constraint equations [10]. On the other hand, topological methods define the coor-
dinates of each body of the system with respect to the previous one, allowing to use
recursive procedures in order to obtain the motion of each body. These methods lead
to a system with a minimum number of dependent coordinates [89].

The multibody approach for vehicle modelling proposed in [128], which is consid-
ered in this Ph.D. Thesis, considers an efficient topological method based on recur-
sive techniques, which reduce the computational cost of the model [10]. Moreover,
this approach models the vehicle with one coordinate for each of the 14 degrees-of-
freedom considered, which avoids the need for constraint equations and optimizes
the computational cost.

This way, the chassis frame presents six-degrees-of-freedom: three Cartesian co-
ordinates of a point in the front part of the car (x , y , z), along with the three Cardan
angles of the chassis for the inertial frame of reference (↵ � �), are selected.

An independent suspension system is considered, with two degrees-of-freedom in
each wheel: the compression of the spring z̄i and the steering angle �. Note that the
suspension system can have different geometries and is typically composed of several
closed loops, which makes the use of independent coordinates not advisable. To
overcome this issue, the suspension mechanism is replaced by a macro-joint approach
[128]. This method defines the kinematics of the centre of the knuckle in terms of
the Cartesian coordinate for the vertical suspension displacement z̄i and the steering
input � by using a table, which can be computed offline.

Finally, the last independent coordinates are the relative orientation of each wheel
with respect to the knuckle, which is defined by an angle around the wheel axis, ('1,
'2, '3, '4).

This makes a total of fourteen independent coordinates, which are grouped into
vector z (See Figure 3.3). It must be noted that the steering angle � is not included
since it is an input to the model and not a coordinate itself.

zT =
)
x y z ↵ � � z̄1 z̄2 z̄3 z̄4 '1 '2 '3 '4

*
(3.1)
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Figure 3.3: Vehicle Multibody Scheme [10]

Finally, the local reference system established for each body has been defined
according to the ISO 8855 [36].

3.2.1.2 Multibody Formulation

As detailed previously, the semi-recursive dynamic formulation proposed in [10] has
been used to derive the equations of motion of the vehicle model. As the z coordinates
(Eq. 3.1) defined for the modelling are independent, no constraint equations must be
considered and the equations of motion will be defined as a set of ordinary differential
equations (ODEs).

However, the definition of the equations of motion in terms of the coordinates z
(see Eq. 3.1) is not trivial. Thus, the semi-recursive formulation employs a set of the
so-called body coordinates to define the equations of motion of each body. Then,
the body coordinates are related with the independent coordinates z.

The body coordinates can be expressed for each body at velocity level in the
following form,

Z =

;
ṡ
Ê

<
(3.2)
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where ṡ is the velocity of the point of the body which at that particular time is
coincident with the fixed frame origin, and Ê the angular velocity of the body.

Hence, the relation between the body coordinates (and their time derivatives) of
two neighbour bodies is given by,

Zi = Zi�1 + bi żi (3.3)

Żi = Żi�1 + bi z̈i + di (3.4)

where bi and di are the terms that relate the body coordinates with the independent
coordinates. Explicit expressions of bi and di terms are available for conventional
joints [10], such as the rotational joint that connect the wheels and the knuckles.
Nonetheless, for the macro-joints that connect the chassis to each knuckle, the
procedure detailed in [89] is used.

Once all the terms have been evaluated, the relation between the body coordinates
Z that is used in the semi-recursive formulation and the set of independent coordinates
z that define the vehicle is established. The equations of motion in body coordinates
that describe the dynamics of the vehicle can be then projected into the independent
relative coordinates yielding,

RT M̄Rz̈ = RT
!
Q̄� M̄Ṙż

"
(3.5)

where R is the matrix that relates the body coordinates and the independent coordi-
nates based on the terms bi and di [10]; and M̄ and Q̄ are the mass matrix and force
vector of the system for body coordinates. This equation can be reduced to,

Mz̈ = Q (3.6)

whereM andQ are obtained in a recursive form, accumulating the body mass matrices
and forces from the leaves to the root of the kinematic chain (See Figure 3.3) [10].
Their full expressions are detailed in [89].

Once the equations of motion are defined (see Eq. 3.6), they need to be integrated
to solve the time evolution of the vehicle when considering a specific torque input in
the wheels (external force). For that purpose, an implicit single-step trapezoidal rule
with a fixed time step has been adopted. Combining the integrator equations with
the equations of motion, and taking the positions as primary variables, a nonlinear
system of equations f (zn+1) = 0 is obtained, where zn+1 is the vector of independent
coordinates at the next time step, which can be solved using a Newton-Raphson
iterative procedure, being the residual vector and the approximated tangent matrix,

f (z) =
�t2

4
(Mz̈�Q) (3.7)

@f (z)

@z
=M+

�t

2
C+

�t2

4
K (3.8)

where
K = �@Q/@z (3.9)
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C = �@Q/@ż (3.10)

represent the contribution of damping and elastic forces to the tangent matrix, and
�t is the time step.

3.2.1.3 Tyre Modelling

To model the tyres, Pacejka’s 2006 "Magic Formula" semi-empirical approach has
been implemented [3], where the tyre is characterized by a list of coefficients that
have to be experimentally tuned. This model enables fast and robust tyre-road con-
tact force and moment simulation for steady-state and transient tyre behaviour, using
longitudinal slip, lateral slip, turn slip, wheel inclination angle and indentation char-
acteristics as input quantities.

The ground (included in the road/scenario subsystem) is defined by a triangular
mesh, whose element size can be modified to increase the precision in the obstacles
of the terrain, such as bumps. This mesh will be employed during the simulation to
determine parameters as the contact point, the normal direction of the terrain and
the indentation of the tyre into the terrain. These parameters are required to reach
a correct road-vehicle interaction during the simulation.

The contact point is obtained through a boundary volume around the wheel: any
element of the mesh inside the boundary volume is considered to define the contact
plane. This plane determines the deformation of the tyre and, therefore, its accurate
calculation is critical, especially when the vehicle is over an obstacle. For this purpose,
the method presented in [129] is used (see Figure 3.4). In this approach, a set of
ellipses are projected from the wheel centre into the selected elements of the mesh.
The intersection points between ellipses and mesh are employed to define a plane,
from where a mean value of the normal direction of the contact is obtained. At a
final step, the indentation of the tyre into the normal direction is calculated, which
is employed in the Pacejka Magic Formula together with the normal direction of the
plane to obtain the magnitude and direction of the tyre forces.

3.2.1.4 Steering and Suspension system

One of the approaches implemented to simplify the modelling while maintaining a high
level of accuracy is the use of macro-joints to model the suspension system. These
macro-joints are implemented through the use of tables that define the kinematic
motion of the centre of the knuckle in terms of the Cartesian coordinate for the
vertical suspension displacement z̄i and the steering angle input �.

The use of look-up tables allows fast online calculation of the suspension dynamics.
However, it requires an offline kinematic analysis to generate it accurately. For this
purpose, for each steering position �, the vertical displacement of the spring z̄i is
modified from the whole range of the vertical motion of the suspension, obtaining
the position of the centre of the knuckle for each pair of steer and spring compression
values. Once that the positions for the entire range of movement of the suspension are
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Figure 3.4: Ellipses model for tyre contact point [11]

gathered, the velocities and accelerations are derived through numerical differentiation
of the positions.

Additional parameters can be tuned to adapt the behaviour of the suspension.
Different deflections of the spring can be considered through the motion ratio of
the suspension and its spring/damper characteristics. Also different compliance co-
efficient have been included, as the relation of the toe, camber and longitudinal
displacement of the suspension with the longitudinal force; the effects of the steer,
inclination of the suspension and lateral displacement on the lateral forces; and the
steer and inclination influence on the steering torque of the wheel. For each param-
eter, a table can be generated following the aforementioned procedure, so that the
data can be used online.

This way, during a simulation, each degree of freedom of the suspension system
is integrated each time step except for the steering value, since it is an input to the
model. After each integration, the values of each degree of freedom are introduced
into the table obtaining the kinematic data of each wheel centre. Later, the spring
and damper forces, together with the contact forces can be derived to solve the
dynamics of the vehicle.

3.2.2 Driver Model (Virtual Driver)

Once the vehicle dynamics model has been detailed, the Driver Model implemented
in the proposed framework will be explained. A Driver Model is an algorithm that
emulates the behaviour of a human driver, allowing to parametrize this behaviour to
ensure objective testing and repeatability in simulation frameworks such as the one
proposed in this section.

In the literature, drivers have been traditionally modelled using approaches inspired
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in automated driving algorithms based on control techniques such as: Proportional
Integral Derivative (PID) [130], Fuzzy [131], Neuro-Fuzzy [132] or Model Predictive
Control (MPC) [133–137], among others.

Among all the proposed approaches, two main groups can be detected: one fo-
cuses on dividing the control effort into two controllers, one for longitudinal control
(i.e. speed control), and other for lateral control (i.e. path tracking); the other
is based on developing a single controller that handles both longitudinal and lateral
control.

In the first group, each control problem is handled separately. For the lateral, one
approach consists in imitating the human behaviour by scanning the future desired
path within a finite future path horizon [138]. Most of the recent works are based on
the use of Model Predictive Control (MPC), which computes optimum steering inputs
to minimize both lateral tracking errors and control effort in a predicted horizon, and
allows to introduce constraints in the formulation. Approaches based on linear models
[139], nonlinear ones [140] or on-line successive linearisation approaches [141, 142]
have been proposed. In these control approaches, the complexity of the model is
directly related to the computational cost, requiring a proper compromise for real-
time implementation.

On the other hand, attending to longitudinal control, [143] provides a deep review
of the proposed approaches, in which the use of simple PID based controllers and
Fuzzy logic based algorithms are common. In general, in this work, it is stated that
the use of PID based controllers provide significant tracking errors in comparison with
Fuzzy logic based algorithms. However, more complex approaches also are proposed,
especially when other considerations, such as comfort, are to be considered [135].

The second group of control approaches considers the whole vehicle, being its
inputs the throttle/brake pedals and the steering wheel angle. In these approaches,
MPC controllers are the most implemented ones, as they provide intuitive tuning,
easily emulate human behaviour and allow to include constraints [144,145].

In the proposed Vehicle Dynamics Simulation Framework, the use of a MPC
approach which considers the whole vehicle model is considered as the best option to
implement the Driver model. As previously detailed, the complexity of the model is
a critical point for MPC approaches, hence, in order to balance computational cost
and accuracy, and better emulate human behaviour, a vehicle dynamics model based
on a nonlinear bicycle model for the lateral dynamics and a simplified point mass
model for the longitudinal dynamics is considered. Note that the vehicle model used
is nonlinear, hence, to reduce the computational cost required to execute the control
loop, a linear MPC formulation will be used. This will require to formulate the model
as a Linear Time-Varying (LTV) model that is calculated at each time step.

In the following sections, an overall view of the Driver Model, and its main func-
tional blocks are detailed.

3.2.2.1 Overall view of the Driver Model

As previously stated, the proposed Driver Model algorithm is based on a MPC con-
troller, which uses a model to estimate the future behaviour of a system in order to

44 Vehicle Dynamics Simulation Framework



3.2. Simulation Framework

calculate the best control action sequence to minimize an objective function. Thus,
a MPC controller operates similar to a human being, as a human driver uses his or
her model (vehicle knowledge) to predict the behaviour of the vehicle and determine
the best course of action considering the future references (the road ahead) and
constraints (traffic signals and vehicle limitations).

LTV VEHICLE 
DYNAMICS 

STATE SPACE 
MODEL

MODEL 
PREDICTIVE 
CONTROL 

(MPC)

VIRTUAL DRIVER ALGORITHM
X Coordinate of 

the c.g. [m]
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Figure 3.5: Driver Model General Structure

Figure 3.5 shows the general structure of the proposed Driver Model, which is
divided into four subsystems: the reference path planning, the speed generation, the
vehicle dynamics model (LTV model) and the MPC algorithm. In the next sections,
each of these blocks will be detailed.

3.2.2.2 Reference trajectory generation

The MPC controller requires a future reference to operate, defined in terms of the
output variables of the model used. As it has been previously detailed, a nonlinear
bicycle model in combination with a point mass model is used to model the vehicle’s
dynamics. This model calculates the time evolution of the vehicle in terms of the local
variables (x , y ,  ) related to reference system associated to the Centre of Gravity
(CoG) of the vehicle (Figure 3.6).

However, the definition of reference paths can be defined more intuitively in a
Global reference frame (this is, on a map), in which a series of plane coordinates
(Xi , Yi) associated to the road to be followed can be easily defined (Figure 3.7).

In addition, a new variable is defined, Station (Si), to represent the longitudinal
distance advanced along the desired path (Figure 3.7). This allows, to define any
position of the trajectory uniquely, as there is only one point that defines each position
in the global reference system for a value of this variable. For instance, this will allow
to drive several turns in the same circuit. The current value of the Station is calculated
as the sum of its previous value and the distance from the previous to the new point,

Si = Si�1 +

(Xi �Xi�1)2 + (Yi � Yi�1)2 (3.11)
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(𝑋 , 𝑌 )

푦 𝑥

Figure 3.6: Global and Local Reference System

Figure 3.7: Reference Trajectory [12]

Once a dataset or road is defined in the Global Frame, consisting on a set of
(Xi , Yi , Si) points, a reference has to be defined for each time step considering the
current position of the vehicle, which is determined by its Center of Gravity (CoG)
(XCG , YCG). For that purpose, the closest point of the reference path (Xmin, Ymin) to
the CoG is calculated. The value for the station variable on this point will be defined
as Smin.

Once the current location on the road is determined, the local future reference
trajectory can be defined for the MPC controller. For that purpose, a constant
longitudinal speed Vx is assumed over the prediction horizon Hp. Thus, considering
the time step Ts of the controller the future target station values Starget are calculated,

Starget = [Smin + Ts ẋ , Smin + 2Ts ẋ ..., Smin +HpTsVx ] (3.12)

Once Starget values are calculated, the corresponding set of reference points in the
global frame (Xtarget,Ytarget) are obtained,
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Xtarget = [XT1 , XT2 , XT3 ..., XTHp ] (3.13)

Ytarget = [YT1 , YT2 , YT3 ..., YTHp ] (3.14)

𝑋휓

𝑌

𝑥

𝑦

Figure 3.8: Target Points Representation [12]

The aforementioned points are defined in the global reference frame. However,
as previously stated, the internal model used by the MPC is defined in the local
coordinates associated with the frame attached to the chassis of the vehicle on its
CoG for a given time step. This way, the reference for the lateral motion wy needs
to be transformed into the local frame (Figure 3.6), as the relative deviations in
the local y axis need to be compensated by the controller. On the other hand, the
orientation w reference is calculated as the slope between two consecutive target
points (m1, m2, ...mHp),

wy =

S

WWU

(XT1 �XCG) cos( )� (YT1 � YCG) sin( )
(XT2 �XCG) cos( )� (YT2 � YCG) sin( )

...

(XTHp �XCG) cos( )� (YTHp � YCG) sin( )

T

XXV (3.15)

w =

S

WWU

arctan(m1)�  
arctan(m2)�  

...

arctan(mHp)�  

T

XXV (3.16)

3.2.2.3 Speed reference generation

The proposed driver model handles both lateral and longitudinal dynamics. For this
purpose, a longitudinal speed reference is also required. The proposed speed planner
considers two possibilities, based on the type of test to be performed. This way,
if a driving cycle, as the WLTP (Worldwide Harmonized Light-Duty Vehicles Test
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Procedures) [146] or an open-loop test, has to be carried out, the speed reference
is provided by the speed profile or will be kept constant, accordingly to the test
requirement . However, if the test consists to track the trajectory, i.e. circuit tests,
the reference speed for each time step has to be generated following the requirements
of the MPC controller.

For the latter case, a speed reference generator is designed, which calculates the
maximum speed at which the vehicle can negotiate the path to be followed considering
a set of parameters that will characterize the driving style.

For that purpose, the reference path planner introduced in the previous section is
used, as it based on the current vehicle’s position, it allows to define a future refer-
ence trajectory for a given prediction horizon Hp. As the reference path is known, its
turning radius can be easily calculated. Additionally, the maximum lateral acceleration
ay,max , and the maximum longitudinal accelerations for traction and braking condi-
tions (ax,max and ax,min) can be defined. Note, that these variables allow configuring
different driving styles, i.e. sport mode, normal mode, and ECO driving mode, among
others. Based on these parameters and the turning radius, the maximum speed at
which the vehicle can negotiate the desired trajectory is calculated as follows,

Vmax =

ay,maxRtraj (3.17)

Therefore, for acceleration conditions:

Vref =

Y
]

[
min(Vmax , V + ax,max), if

(Vmax � V )
dt

� 0

min(Vmax , V + ax,min), otherwise
(3.18)

Note that the speed reference Vref is considered constant for the whole prediction
horizon Hp, as this will be the basic assumption for the implementation of a LTV
model in the MPC, as detailed next.

3.2.2.4 LTV Dynamic vehicle model

The vehicle model used for implementing the MPC based Driver Model combines the
well-known and cost-effective bicycle model (see Figure 3.9) for the lateral dynamics
[67] and a point-mass model for the longitudinal dynamics. This model is defined in
the local frame associated with the CoG of the chassis (x , y , z) for a given time step.

If small angle approximations are considered, the lateral dynamics defined by the
bicycle model can be defined as,

ay = �
2(C↵F + C↵R)

mVx
Vy �

5
2(lFC↵F � lRC↵R)

mVx
+ Vx

6
 ̇

+
2C↵F

m
�

(3.19)

 ̈ = �
2(lFC↵F � lRC↵R)

IzVx
Vy �

2(l2FC↵F + l
2
RC↵R)

IzVx
 ̇

+
2lFC↵F

Iz
�

(3.20)
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Figure 3.9: Modelling of a vehicle through the "bicycle model"

where  ̈, ay , Vy and Vx are the vehicle’s local yaw acceleration,lateral acceleration,
lateral speed and longitudinal speed, respectively. C↵F and C↵R are the front and rear
tyre cornering stiffness coefficients. Iz is the inertia moment along the vertical axis z
and � is the steering angle of the front wheels. Finally, lF and lR are the fronts and
lateral track widths.

The longitudinal dynamics are defined by Eq. 3.21, which represents a point mass
model,

ÿ
Fx = Ftract + Faero + Frol l ingres + Fslope (3.21)

where
q
Fx is the total force along the x axis, ax is the longitudinal acceleration,

Ftrac is the total traction force, Faero is the aerodynamics resistance force, Frol l ingres
is the resistance force due to the tyre rolling resistance, and finally, Fslope is the force
due to the road inclination. These forces are detailed next,

Faero =
1

2
⇢airCdragAf V

2
x (�sign(Vx)) (3.22)

Frol l ingres = frmg(�sign(Vx)) (3.23)

Fslope = �mgsin(✓slope) (3.24)

Ftract = ⌧/R (3.25)

where m is the vehicle mass, ⇢air is the air density, Cdrag is the drag coefficient, Af is
the vehicle front area, Vx is the longitudinal vehicle speed, fr is the rolling resistance
coefficient, g is the gravity acceleration, ✓slope is the road inclination angle, ⌧ is the
total wheel torque and R is the tyre radius.

Based on Equations. 3.19-3.25, a state-space model can be defined. This model
is represented by the state space variable,

xc(t) = [y(t) Vy (t)  ̇(t)  (t) Vx(t)]T (3.26)

where y(t) is the lateral displacement and  (t) is the yaw angle in the local z axis.
Additionally, the control variables are defined by the steering angle �(t) and the

wheels total torque torque ⌧(t),

uc(t) = [�(t) ⌧(t)]. (3.27)
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Hence, the model can be represented in a state-space form in continuous time as,

ẋc(t) = Ac xc(t)+ Bc uc(t)+ v(t) (3.28)

with,
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S
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(3.29)

and,

a = �
2(C↵F + C↵R)

m Vx

b = �
2(lF C↵F � lR C↵R)

m Vx
� Vx

c = �
2(lF C↵F � lR C↵R)

Iz Vx

d = �
2(l2F C↵F � l2R C↵R)

Iz Vx

e = �
CdragAf ⇢air

2m
� fr g

(3.30)

As it can be seen, there is a dependency of matrix Ac for the longitudinal speed
vx . Hence, to achieve a linear model and reduce the computational cost, a constant
longitudinal speed Vx is considered for the prediction horizon Hp. This way, each time
step, the model will have to be updated with the current value of the longitudinal
speed, and matrix Ac will have to be recalculated for that time step, defining a LTV
model.

It should be noticed that the Fslope is not included in this state-space model, as
it is considered as a measurable disturbance v(t) to the MPC controller.

3.2.2.5 MPC Formulation

The proposed Driver Model is implemented using a linear MPC (a deeper explanation
of this control technique is presented in Chapter 5), to reduce the computational
cost. A widely known state-space based formulation [147] has been implemented
using the aforementioned LTV model and reference generators.

MPC approaches are implemented on discrete-time. The model defined in Eq.
3.28 is an LTV model defined in continuous time and depends on the value of the
longitudinal speed of vx . Hence, in each time step first the current speed vx is
measured and assumed constant for the prediction horizon Hp of the MPC. Then,
for the particular value of the measured Vx , matrix Ac (Eq. 3.28) is calculated, and
the resulting model is discretized using the Zero Order Hold method.
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x(k + 1) = Ad x(k) + Bd u(k)
y(k + 1) = Cd x(k + 1)

(3.31)

where x(k) and u(k) are the discretized states (see Eq. 3.26) of the vehicle and its
control inputs (see Eq. 3.27), and y(k) defines the discretized outputs whose error
will be optimized by the controller, this is, the lateral displacement y(k), the vehicle
orientation  (k) and the longitudinal speed Vx(k),

y(k) = [y(k)  (k) Vx(k)]
T (3.32)

Once the model is discretized, a linear State-Space formulation of the MPC in
incremental variables is implemented [147] to include an integrative effect. Thus, the
control law of the MPC that defines the Driver Model is defined as follows,

V = min
�u+
J(�u+, x(t))

s.t.

Ac�u+  Bc
(3.33)

where Ac and Bc are used to model the physical constraints of the vehicle as linear
constraints (minimum and maximum (min/max) steering angle �, min/max vehicle
speed V and min/max longitudinal and lateral acceleration ax and ay , respectively)
and �u+ =

#
�u(k) . . . �u(k +Hp � 1)

$T is the resulting sequence of control input
variations that ensures the minimum value of the Cost Function J, which is defined
as,

J =
!
ŷ � Êy

"T
R

!
ŷ � Êy

"
+ �u+

T
Q�u+ (3.34)

where R and Q are the cost matrices used to tune the MPC controller; ŷ = G�u++f
is the vector output prediction for the whole prediction horizon Hp, which is calculated
from the LTV model Eq. 3.28 and the current state measurement x(t) following the
procedure detailed in [147]; and Êy is the future reference for the output variables y,
as calculated in sections 3.2.2.2 and 3.2.2.3.

As detailed previously, the MPC is defined in incremental variables. Hence, the
MPC calculates the variations of the control action to be applied for the previous
iteration. Hence, the control action for a given time step k = t is calculated as
follows,

�u(k) = u(k)� u(k � 1) (3.35)

3.3 Framework Validation

The aforementioned Vehicle Dynamics Simulation Framework will be used to validate
the Torque Vectoring approaches proposed in this PhD. Thesis. To demonstrate the
accuracy and validity of the framework, and thus, of the simulations and virtual tests
carried out in it, first, a series of validation tests based on experimental (real) results
are carried out. Then, as the TV systems proposed in Chapters 4 and 5 will be
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validated in a HiL setup, the real time capabilities of the proposed framework will be
analysed through a circuit test.

3.3.1 Study Case: Light duty truck

For the validation of the proposed Vehicle Dynamics Simulation Framework, a real
IVECO light duty truck (Figure 3.10) has been selected as a test vehicle. This vehicle
has been fully instrumented (IMU, GPS and a robot for steering and throttle/brake
pedal commands). The main parameters of the vehicle, which have been experimen-
tally identified, are summarised in Table 3.1.

Figure 3.10: Tested Vehicle - Real and virtual

Table 3.1: Vehicle Parameters

Mass (kerb) (kg) 2067
Mass (test condition) (kg) 3267

Wheelbase (m) 3.725
Front Axle Distance to CoG (m) 1.162

CoG height (m) 0.716
Front Axis Track (m) 1.745
Rear Axis Track (m) 1.545

Tyre Radius (m) 0.349
Frontal Area (m) 3.8
Drag Coefficient 0.7

Rolling resistance Coefficient 0.009
Tyre Cornering Stiffness [N/deg] 1791

The real vehicle has been modelled using the procedure detailed in Section 3.2.1.
The characterization of the suspension has been made through the well known K&C
(kinematics and compliance) tests and the dampers have been tested in a proper test-
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bench. Besides, a set of tests has been carried out experimentally with professional
equipment at IDIADA’s [148] facilities to identify the Pacejka’s Tyre Model param-
eters. The powertrain has been modelled considering a simplified model of the one
implemented on the real vehicle (a Diesel Internal Combustion Engine (ICE) with a
power of 110 kW and a gearbox of 6 different gear ratios). In particular, in addition to
the effect of the gearbox, the engine brake has been modelled based on experimental
data. Figure 3.10 shows the real and the virtual vehicle as modelled in the proposed
framework.

In the following sections, the tests defined to validate the accuracy of the vehicle
dynamics model, and the proposed framework, will be detailed and analyzed.

3.3.2 Vehicle Dynamics Model Validation

In order to determine the accuracy of the vehicle dynamics modelling procedure de-
fined in Section 3.2.1, a series of standardized manoeuvres have been carried at
IDIADA’s facilities with the real vehicle: Coast Down, Step Steer, Ramp Steer and
Frequency Response. The obtained experimental data have been compared with the
ones obtained by introducing the real inputs in the model in order to evaluate the
accuracy of the model.

3.3.2.1 Coast Down

This manoeuvre is one of the most frequent tests for motor vehicles. It consists
in running the vehicle in a straight line, starting at a certain speed and letting it
slow down until it stops. The main goal of this test is to evaluate the values of the
resistant forces acting on the vehicle at a certain speed and road conditions, which
will validate the longitudinal dynamics model.
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Figure 3.11: Coast Down maneuver
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Figure 3.11 shows the time evolution of the speed for both real and simulated
vehicles for different gears. The speed differences at the end of the tests, with the
2nd to 6th gear, are due to the idle speed controller implemented in the real vehicle.
This functionality has not been considered in the simulation, as this work does not
focus on the powertrain model.

The speed root mean square errors (RMSE) for different gears obtained for this
manoeuvre are shown in Table 3.2, and their low values demonstrate the accuracy
of the model in this manoeuvre. Note that the RMSE calculation has been made
considering that the manoeuvre ends when the idle speed function previously com-
mented is activated, except for the test in neutral, as in this case this function is not
activated.

Table 3.2: RMSE - Coast Down manoeuvre

Gear 2nd 3rd 4th 6th Neutral
RMSE (km/h) 0.51 0.32 1.7 1.01 2.0

3.3.2.2 Step Steer

The main objective of this normalized manoeuvre [149] is to describe the lateral
dynamic behaviour of a vehicle. Driving in a straight line at a constant speed, the
steering wheel is rotated as fast as possible to the target angle position, in which the
vehicle’s lateral acceleration will start to increase as it begins to turn.

This manoeuvre has been carried out for different steering wheel angles and at
different speeds, to demonstrate the model’s accuracy in a wide range. Results are
shown in Figures 3.12 - 3.15 and summarized in Table 3.3. The lateral acceleration
and the yaw rate RMSE show the accuracy of the developed model.
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Figure 3.12: Lateral Acceleration - Step Steer (50km/h)
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Figure 3.13: Yaw Rate - Step Steer (50km/h)
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Figure 3.14: Lateral Acceleration - Step Steer (80km/h)

2 3 4 5 6 7 8 9
Time (s)

0

0.05

0.1

0.15

Ya
w

 R
at

e 
(ra

d/
s)

Real Vehicle data (SWA 12º)
Vehicle Model data (SWA 12º)
Real Vehicle data (SWA 22º)
Vehicle Model data (SWA 22º)
Real Vehicle data (SWA 32º)
Vehicle Model data (SWA 32º)

Figure 3.15: Yaw Rate - Step Steer (80km/h)
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Table 3.3: RMSE - Step Steer manoeuvre

Steering wheel angle [deg]
V=50 km/h V=80 km/h

21 41 67 12 22 32
Lat. Acc. RMSE (m/s2) 0.076 0.146 0.237 0.083 0.156 0.219
Yaw Rate RMSE (rad/s) 0.004 0.008 0.013 0.003 0.005 0.008

3.3.2.3 Ramp Steer

The goal of this normalized manoeuvre [150] is to determine the steady-state circular
driving characteristics of the test vehicle when increasing the lateral acceleration. This
test is handled at a constant speed the lateral acceleration is increased by applying a
ramp input to the steering system until the limit of adherence is reached.

Figures 3.16 and 3.17 and Table 3.4 show the results obtained for the ramp steer
manoeuvre, which has been carried out at two different speeds (50 km/h and 80
km/h). As this manoeuvre takes the vehicle to its limits in terms of lateral dynamics,
the variables captured are the lateral acceleration (0.35 m/s2 average error) and
the yaw rate (0.0097 rad/s average error). Results show the effectiveness of the
developed vehicle model in such a challenging manoeuvre.
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Figure 3.16: Lateral Acc. & Yaw Rate - Ramp Steer Manoeuvre

Table 3.4: RMSE - Ramp Steer Manoeuvre

Vehicle Speed
50 km/h 80 km/h

Lat. Acceleration RMSE (m/s2) 0.3078 0.4016
Yaw Rate RMSE (rad/s) 0.0104 0.009
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Figure 3.17: Lat. Acc. VS Steering Wheel Angle - Ramp Steer Manoeuvre

3.3.2.4 Frequency Response

This test aims to determine the lateral transient response behaviour of the test vehicle
in the frequency domain. For that, the test covers a steering input frequency range
between 0.1 - 4 Hz.

Figures 3.18 - 3.20 and Table 3.5 show the results obtained for the frequency
response manoeuvre, which has been carried out at three different speeds (50 km/h,
80 km/h and 100 km/h). The variable selected for the validation is the yaw rate, as
it represents effectively the lateral transient behaviours. RMSE errors are summarized
in Table 3.5 where very low RMSE errors are shown, demonstrating the accuracy of
the proposed vehicle model in such a challenging manoeuvre.

Figure 3.18: Yaw Rate - Freq. Response Manoeuvre - 50 km/h
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Figure 3.19: Yaw Rate - Freq. Response Manoeuvre - 80 km/h

Figure 3.20: Yaw Rate - Freq. Response Manoeuvre - 100 km/h

Table 3.5: RMSE - Frequency Response Manoeuvre

Vehicle Speed (km/h)
50 80 100

Yaw Rate RMSE (rad/s) 0.0101 0.0093 0.0082

3.3.3 HiL capabilities validation

Hardware in the Loop (HiL) testing is a mandatory feature for a successful simu-
lation framework, as it allows to reduce significantly the time and cost of feature
developments [151], allowing to test not only the code of the tested control system,
but also its hardware and communications. However, an appropriate vehicle model
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(accurate and computationally efficient) is required in order to ensure the validity of
this approach, which is not always easy to obtain. Therefore, in order to demonstrate
the validity and real time capabilities of the proposed framework for validating the TV
systems proposed in this Ph.D. Thesis, in this section, the whole Vehicle Dynamics
Simulation Framework will be validated in a HiL setup.

3.3.3.1 HiL Setup

Based on the model validated in Section 3.3.2 and on the Virtual Driver model pre-
sented in Section 3.2.2, the HiL setup shown in Figure 3.21 has been defined to test
the proposed framework.
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Figure 3.21: HiL Setup based on the proposed multibody vehicle dynamics model and
on the proposed Virtual Driver model

Four main blocks are defined in this setup. First, the real vehicle is modelled us-
ing two blocks, a powertrain model and the proposed multibody-based model. Both
are compiled as a standard C libraries, and are implemented in two National Instru-
ments PXI Industrial PCs (2.3GHz, 8GB RAM), with an execution period of 1ms.
Communications between both systems is carried out using TCP/IP protocol.

Second, the Virtual Driver Model, which provides the steering wheel angle and the
pedals positions. In addition to the physical constraints of the vehicle, a maximum
speed of 120 km/h and a maximum lateral acceleration of 6.0 m/s2 have been selected
as output constraints. The developed system has been implemented in a hardware
platform widely used in the Automotive Industry (dSPACE MicroautoBox II [152]),
running with an execution period of 10ms. Note that in order to test the corresponding
control system, the MicroAutoBox II is connected to the virtual vehicle, implemented
in the the aforementioned PXIs, using a CAN communication bus.
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Finally, an Human Machine Interface and the environment model (with a simplified
3D representation) is executed in a high-end PC. This communicates using TCP/IP
with the powertrain and vehicle model PXIs, so that the internal model variables and
parameters can be represented, and the 3D visualization updated. In addition, this
PC updates the environmental variables to the rest of the model, such as road friction
coefficients and slopes depending on the position of the vehicle.

3.3.3.2 HiL Results and Computational Cost Analysis

For the validation, two Circuits have been implemented: Silverstone and Barcelona.
Figures 3.22-3.25 show the results provided by the Virtual Driver model in the de-
veloped HiL setup. More specifically, Figures 3.22 and 3.24 show the lateral error
between the desired trajectory and the one followed by the vehicle; while Figures 3.23
and 3.25 show the vehicle lateral acceleration. Finally, in Figures 3.26 and 3.27), the
execution time of the proposed model is shown for this setup.

Results demonstrate that the proposed framework performs properly, with low
tracking values in the lateral error (Figures 3.22 and 3.24 and Table 3.6) and ac-
celerations in the constrained range (Figures 3.23 and 3.25). Moreover, the vehicle
model average execution time is 0.22ms for both circuits (see Figures 3.26 and 3.27),
guaranteeing proper real-time performance for the HiL setup, as it is less than 1ms.
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Figure 3.22: Lateral Error - Montmelo

Table 3.6: Race Track Distance RMSE

Circuit Path tracking RMSE (m)
Montmelo 0.1252
Silverstone 0.1171
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Figure 3.23: Lateral Acceleration - Montmelo
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Figure 3.24: Lateral Distance Error - Silverstone
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Figure 3.25: Lateral Acceleration - Silverstone
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Figure 3.26: Execution Time - Montmelo Circuit
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Figure 3.27: Execution Time - Silverstone Circuit

3.4 Conclusions

Simulation-based testing is mandatory for future of vehicle dynamics control systems
developments. The cost and lack of flexibility of track tests limit their use when
complex control systems need to be tested in vehicles. Moreover, simulation-based
testing frameworks allow testing of multiple scenarios at a lower cost and minimum
risk.

However, developing proper simulation-based testing frameworks is not a trivial
task. Vehicle dynamics modelling is a challenging issue, as a proper balance between
accuracy and computational efficiency needs to be considered, as well as flexibility
and real-time capabilities. Considering the aforementioned issues, in this chapter a
novel Vehicle Dynamics Simulation Framework is presented, which will be used to
test the TV approaches proposed in this PhD Thesis.
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The proposed framework uses an efficient multibody based vehicle dynamics ap-
proach, that can be executed in real-time, and a LTV MPC Driver Model, that can be
used when testing control approaches in closed-loop in order to ensure repeatability.
Moreover, the proposed framework is flexible, allowing to consider multiple power-
train topologies, and it allows easy implementation of cosimulation or Hardware-in-
the-Loop setups thanks to its reduced computational cost (under 1ms in conventional
PCs and real-time platforms).

The presented framework is validated by two different ways. First, the multibody
vehicle dynamics model is validated using real data from a tested vehicle in a variety
of challenging manoeuvres. Results show a great degree of accuracy, 0.4m/s2 and
0.009rad/s of lateral acceleration and yaw rate, respectively, in a demanding ma-
neuver, such as the ramp steer at 80 km/h, which demonstrates the validity of the
proposed multibody dynamic model to reproduce the real vehicle’s dynamics.

Second, and once the dynamics model have been validated, the proposed Vehicle
Dynamics Simulation Framework has been validated as a whole in a HiL setup, focus-
ing on the Driver Model performance and on the real-time capabilities. On the one
hand, Driver Model results demonstrate its ability to ensure repeatability and emulate
properly the driving style of real drivers. Results in Silverstone (0.1171m path track-
ing RMSE) and Montmeló Circuits (0.1252m path tracking RMSE) demonstrate that
the proposed approach ensures proper tracking for these tests. Finally, the carried
out execution time analysis, which has shown an 0.22ms average execution time for
the proposed multibody dynamic model, demonstrates the real-time capabilities of
the whole framework

The obtained results have demonstrated the accuracy of the proposed framework
and its suitability for being used to validate the approaches proposed in this PhD
Thesis. Hence, in the next chapters, this framework will constitute the basics for the
validation of the proposed two TV approaches.
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Intelligent Torque
Vectoring

In this chapter the first contribution of this Ph.D. thesis is presented,
which is the Intelligent Torque Vectoring system. This novel approach
is based on intelligent control techniques and includes a vertical tyre
forces estimator, which allows to enhance vehicle dynamics, and
indirectly, efficiency. The design process and implementation of the
proposed approach is deeply addressed and explained. Finally, the
TV approach is evaluated by comparing its performance with other
approaches proposed in the literature.

Alberto Parra Delgado 65





4- Intelligent Torque
Vectoring

4.1 Introduction

As it has been analyzed in Chapter 2, current TV systems have to deal with the
increased complexity of electrified powertrains and their multiple topologies. Besides
to enhancing vehicle dynamics, they have to address energy efficiency to increase
the driving range of these vehicles. For this purpose, tyre and powertrain losses
have to be considered directly or indirectly. Moreover, implementability is also a
key issue when designing a TV approach and a balance between performance and
computational/economical cost has to be achieved if the proposed algorithm is to be
implemented in a real vehicle.

Intelligent control approaches have demonstrated their potential to manage com-
plex systems more easily than other control approaches while maintaining real-time
capabilities. Hence, to consider all the aforementioned issues (controller design, com-
plexity, vehicle dynamics, energy efficiency and implementability) in this chapter a
novel Intelligent Torque Vectoring approach is proposed, which presents the following
main contributions over the works analyzed in Chapter 2,

• A novel approach that combines a Fuzzy controller and an intelligent tyre forces
estimator, focused on minimizing model dependency and energy efficiency.

• The energy efficiency is considered indirectly. Tyre losses are reduced by the
knowledge of the tyre forces, which allow to reduce losses due to slip. Power-
train losses are handled by the consideration of regenerative braking in the TV
approach, allowing to recover part of the braking energy.

• The tyre forces are estimated by the use of an intelligent tyre forces estimator
which makes use of easily measured data, and requires no model parameter
identification.

• A performance, efficiency and implementability analysis in a heterogeneous em-
bedded platform, combining a µC and a FPGA.

This Chapter is divided as follows. Section 4.2 introduces the fundamentals of the
intelligent control techniques used for the development of the proposed TV system.
Section 4.3 presents the proposed Intelligent Torque Vectoring approach, explaining
all the subsystems by which it is composed. In Section 4.4 the whole system validation
is presented. For that, the simulation setup, implementation and the results obtained
for the different carried out tests are deeply explained. Finally, Section 4.5 summarizes
the main conclusions.
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4.2 Fundamental Concepts

The proposed TV approach is based on the so-called Intelligent Control Techniques.
To provide an appropriate context to the reader, in this section a brief introduction
to the different techniques implemented in this thesis is carried out. In particular
Fuzzy Logic, Artificial Neural Networks (ANN) and Adaptive Neuro-Fuzzy Inference
Systems (ANFIS) will be briefly detailed.

4.2.1 Fuzzy Logic

Fuzzy logic is an extension of Boolean Logic. It was first proposed by Lot Zadeh in
1965 [153] based on the mathematical theory of fuzzy sets, which is a generalization
of the classical set theory. By introducing the notion of degree in the verification
of a condition, fuzzy logic provides a very valuable flexibility for reasoning, making it
possible to consider inaccuracies and uncertainties. One advantage of fuzzy logic is
that the rules are set in natural language.

The most common fuzzy logic system structure is shown in Figure 4.1, which is
composed by four main subsystems: Fuzzification, Knowledge base, Inference Method
and Defuzzification. Next, these are briefly detailed.

Figure 4.1: General diagram representing Fuzzy Logic approaches

4.2.1.1 Fuzzification

The fuzzification procedure transforms an input vector into the corresponding fuzzy
set. This is, fuzzification is the process of determining the degree to which an input
data belongs to each of the appropriate fuzzy sets via the membership functions.

4.2.1.2 Knowledge base

The knowledge of a fuzzy logic system is represented by a collection of If-Then rules
called fuzzy implications. Every fuzzy rule establishes a local relationship between the

68 Intelligent Torque Vectoring



4.2. Fundamental Concepts

input and output variables, while the entire collection of fuzzy rules characterizes the
behaviour of a fuzzy system.

4.2.1.3 Inference method

The inference method attempts to simulate human decisions making within the con-
ceptual framework of the fuzzy theory. It aims to infer conclusions by employing
fuzzy implications and inference rules. The conclusions can be deduced in different
ways depending on the method used to represent the knowledge (rule-based unit) and
the type of inference method. The most popular inference methods are the Mam-
dani method [153] and the Sugeno method [153]. Both methods provide different
advantages and disadvantages.

Mamdani systems present more intuitive and easier to understand rule bases.
Hence, they are well-suited for applications where the rules are created from human
expert knowledge. On the other hand, Sugeno fuzzy inference method, also referred
as Takagi-Sugeno-Kang, is more computationally efficient compared to a Mamdani
system, since it uses singleton output membership functions.

4.2.1.4 Defuzzification

The output of the fuzzy inference process so far is a fuzzy set. However, in order to
be used in real actuators this fuzzy set has to be transformed to a numerical output.
Defuzzification is used to map fuzzy sets into numerical values. The most common
methods of defuzzification are the Centre of Area (COA) and the Mean of Maxima
(MOM) [154].

4.2.2 Artificial Neural Networks

Artificial Neural Networks (ANN) are nonlinear mapping systems whose structure is
based on the observed human and animal nervous systems. They are mathematical
approximations to the human brain function. Nevertheless, they only emulate a very
simple portion of human brain functions and therefore, they are not able to simulate
the highly complex relational neurological processes that occur within it. In any
case, ANNs are widely used in many fields as they are also considered universal
approximators [155].

Processing units are named artificial neurons, being mathematical models of bi-
ological ones (Figure 4.2). A biological neuron is a processing unit that processes
electrical signals received from the rest of the neurons through the dendrites. These
input signals are weighted so that they might excite or inhibit the neuron. All signals
are integrated and combined in the neuron body (soma), and if a determined acti-
vation threshold is achieved, the resulting signal is transmitted through the axon to
other neurons. In biological neurons, the weight values of the inputs are variable, and
are influenced by the learning process.

The signal processing procedure detailed for biological neurons is emulated in the
artificial neurons (Figure 4.2). Neuron inputs xj are weighted !j and combined, and if
a threshold value ✓ is surpassed, the resulting signal v is processed using an activation
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Figure 4.2: Biological neural network and ANN [13]

function. F (v), which determines the output y of the neuron, which will be connected
to the inputs of other neurons. A simple approximation of an artificial neuron model
is,

y = F

Q

a
ÿ

j

!j xj + ✓

R

b (4.1)

As previously stated, in biological neurons, the learning procedure modifies the
weights. In the case of ANNs, these need to be trained to perform a particular
task. This implies to generate a set of examples (input-output relations) related to
the target application to train the ANN. The training procedure is carried out by
adjusting the weights !j and biases ✓j of each neuron by means of a proper training
algorithm, being the most popular one the Backpropagation algorithm [155].

4.2.3 Adaptive Neuro Fuzzy Inference System

Adaptive Neuro-Fuzzy Inference System (ANFIS) is a class of adaptive neural net-
works that are functionally equivalent to fuzzy inference systems. They combine the
advantages of Artificial Neural Networks (learning, adaptability and nonlinear time-
variant problem solving) and fuzzy set theory (approximate reasoning and treatment
of information).

They are mainly used to solve complex problems that require the use of intelligent
approaches, being a viable alternative to conventional model-based control schemes.
Due to their hybrid structure, they allow dealing with the common issues of uncer-
tainty and unknown variations in plant parameters and structure, hence improving
robustness of the control system.

The inference method used is the Takagi-Sugeno method (see Section 4.2.1) and
due to the If-Then rules nature, it is possible to identify two parts in the network
structure: premise and consequence parts. The general architecture of an ANFIS is
composed by five layers, as represented in Figure 4.3.

The first layer corresponds to the fuzzification layer and takes the input values to
determine the membership functions belonging to them. The membership degree of
each function are computed by using the premise parameter set. The second layer
is called as "rule layer" and is the responsible of generating the rules. The role of
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the third layer is to normalize the computed firing strength (wi), by diving each value
for the total firing strength. The fourth layer takes as input the normalized firing
strengths w̄i and the consequence parameter set. The values returned by this layer
are the defuzzificated ones and those values are sent to the last layer. This layer
computes the overall output as the sum of all the incoming signals.

Once the fundamental of the different intelligent control techniques have been
introduced, the proposed TV approach will be explained.

Figure 4.3: Generic ANFIS diagram [14]

4.3 Intelligent Torque Vectoring approach

The overall structure of the proposed Intelligent TV approach is shown in Figure 4.4
(which is the same as in Figure 2.10, but particularized for the approach presented in
this Chapter). The approach follows the traditional structure of a TV system shown
in Section 2.4.1, where three different layers are clearly differentiated,

𝑭𝒛,𝒊𝒋

τij

Layer 2 Layer 3
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Figure 4.4: Proposed TV approach structure
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1. Layer 1: It is composed of the yaw rate reference generator. This subsystem
provides the reference of this variable to be tracked by the controller. In the
proposed approach, this reference is generated using the well-known bicycle
model, as it provides a good balance between accuracy and computational cost
[67].

2. Layer 2: This layer includes the high-level controller. The controller is com-
posed by a fuzzy logic-based yaw moment controller combined with a regener-
ative braking contribution. The first provides the lateral torque distribution by
controlling both yaw rate and vehicle sideslip angle, as those are the most repre-
sentative variables for vehicle dynamics. The latter is activated when a stability
loss is to occur, enabling the enhancement of vehicle dynamics behaviour and
overall efficiency.

3. Layer 3: This layer determines the motor torque commands and includes the
longitudinal torque distribution by using the vertical tyre forces estimation data.

4. Vertical tyre forces estimator: This subsystem estimates the vertical tyre forces
based on the measurable data from on-board sensors, which is one of the main
contributions of the presented approach. To perform this estimation, an artifi-
cial intelligence system is proposed, with two possible implementations depend-
ing on the final target hardware of the TV ECU: an ANFIS approach, suitable for
µC implementation; and a ANN approach, suitable for FPGA implementation.

In the next sections each subsystem shown in Figure 4.4 will be deeply explained.

4.3.1 Yaw Rate reference (Layer 1)

Torque Vectoring systems aim to control the yaw motion of the vehicle, selecting
the yaw rate as the controlled variable for the developed control loop. Therefore, to
implement the control approach, a proper reference is required. In this section, the
methodology for the generation of the yaw rate reference to be tracked is detailed.

The proposed approach is based on the use of the well-known bicycle model (Fig-
ure 4.5). This model provides a good balance between accuracy and computational
cost [67], and requires easy to measure variables, typically provided by common on-
board sensors such as steering wheel angle sensor, IMU and GPS. Moreover, the
model is parametrized with basic vehicle parameters: mass, trackwidth, center of
gravity location and tyre cornering stiffness.

In order to increase the computational performance and generate an ideal vehicle
yaw motion reference, several simplifications have been considered in the aforemen-
tioned model:

• the center of gravity is assumed to be at a height of zero.

• the variation of the vertical force of each tyre will not be taken into account.

• small slip angles assumption will be considered, so that � = vy
vx
' vy
V , sin(�) =

�, and cos(�) = 1 (linear region)
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Figure 4.5: Modelling of a vehicle through the "bicycle model"

• steady-state conditions (�̇ = 0)

• the coefficient of lateral stiffness of the front (F) and rear (R) tyre will be
considered as constant, defined by the ratio of the lateral force (Fy ) to the slip
angle (↵), as per Eq. 4.2,

C↵,i =
Fy,i

↵i
(4.2)

Since the lateral inertia force acting on the centre of mass of the vehicle is equal
to the centrifugal force resulting from drawing a curve with a radius of (R) and
an angular speed ( ̇) (see Figure 4.5), the following relation between the lateral
acceleration (ay ), the speed (V ), the yaw rate ( ̇), and the derivative of the vehicle
sideslip angle (�̇), which is assumed to be zero, can be obtained

Fy = may = m
V
2

R
= mV ( ̇ � �̇) = mV  ̇ (4.3)

where m is the total mass of the vehicle located in the center of gravity and the
remaining magnitudes represent the absolute value of their own vector.

At the same time, the front and rear tyre slip angles can be defined as follows:

↵F = � �
vy + lf  ̇

V
= � � � � lf

 ̇

V
(4.4)

↵R = �
vy � lr  ̇
V

= �� + lr
 ̇

V
(4.5)

where lf and lr are the distance to the centre of gravity of the front and rear axle
respectively, and � is the steering angle of the front wheels.

Considering the sum of moments in both axles of the vehicle (front and rear), the
following equations are deduced,

Fy,FL = may lf (4.6)

Fy,RL = may lr (4.7)
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where Fy,F and Fy,R are the lateral forces of the front axle and rear axle respectively,
and L is the distance between axles or wheelbase. Combining the Eqs. 4.4-4.5 and
4.6-4.7 it is possible to obtain the following expressions,

C↵F

3
� � � � lf

 ̇

V

4
= may

lr

L
(4.8)

C↵R

3
� + lr

 ̇

V

4
= may

lf

L
(4.9)

where C↵F and C↵R are the lateral stiffness coefficients of the front and rear wheels,
respectively. Operating,

� =
L

R
+
m

L

3
lr

C↵F
�
lf

C↵R

4
ay (4.10)

Finally, combining Eqs. 4.3 and 4.10 the yaw rate reference expression can be
expressed as follows,

 ̇ref =
V

L+
m
L

1
lr
C↵F
� lf
C↵R

2
V 2
� (4.11)

However, for safety reasons it is necessary to limit the value of the yaw rate
reference generated. In this case, the limit has been set as follows [16].

-- ̇ref ,max
-- =

---
ay,max

V

--- (4.12)

where ay,max is the vehicle maximum lateral acceleration. Please note that this yaw
rate reference does not consider the energy efficiency and that this aspect will be
addressed by the next two layers.

4.3.2 High-level Controller (Layer 2)

The proposed high-level controller combines a Fuzzy Logic controller to define the
lateral torque distribution and implements a correction for the moment generated by
the regenerative braking. Each of these subsystems will be detailed next.

4.3.2.1 Fuzzy Logic Controller

The main controller is based on Fuzzy Logic (see Section 4.2.1) and tries to track
the yaw rate reference generated in the previous section while minimizing the vehicle
sideslip angle �. To achieve this, the controller uses the yaw rate and vehicle sideslip
angles, and generates the lateral torque distribution (⌧lat) for the vehicle.

The structure of the Fuzzy controller is shown in Figure 4.6. In order to calculate
the torque percentage to be applied to each side of the vehicle, ⌧lat , the controller
requires three inputs: the yaw rate error e( ̇), its derivative ė( ̇) and the sideslip
angle error e(�). Note that the output lateral distribution is codified in the [0, 1]
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Figure 4.6: Fuzzy Logic Controller proposed

range. This is, if ⌧lat = 0 all the torque will be applied to the wheels of the right side,
and if ⌧lat = 1 all the torque is applied to the wheels of the left side.

The yaw rate error e( ̇) and its derivative ė( ̇) are calculated considering the
reference detailed in Section 4.3.1. The sideslip angle error e(�) is calculated con-
sidering that the reference sideslip angle of the vehicle will be zero, in order to reduce
the real value of the slip and achieve a neutral handling. The actual vehicle sideslip
angle value is calculated using Eq. 4.13 defined in [156].

� = � arctan
3
Vy

Vx

4
(4.13)

where, Vy and Vx are the vehicle speed in the longitudinal (x) and lateral (y) local
axes, which can be measured or estimated using on-board sensors.

The Fuzzy Logic controller designed is based on Mamdani fuzzy model, as it
provides a more intuitive tuning [157]. For its design, the following membership
functions (shown in Figure 4.7) have been defined:

• Yaw Rate error and its derivative: A distribution of five membership func-
tions has been chosen for the yaw rate error e( ̇) and for its derivative ė( ̇).
Considering the typical sideslip angle and yaw rate values achieved by a passen-
ger car it has been considered that five membership functions cover the whole
range for the first two variables with a good level of accuracy. Trapezoidal
membership functions have been selected for the boundaries, while triangular
ones have been selected for the rest, as they provide computationally efficient
calculations [158] maintaining acceptable smoothness on the response, and are
suitable to be implemented in a conventional automotive Electronic Control
Unit (ECU).
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• Lateral Slip Angle error: Three membership functions for the input of lateral
slip angle, e(�) have been defined. Moreover, the sign of the sideslip angle
determines if the vehicle has a neutral, understeering or oversteering behaviour.
Therefore, it has been considered that only 3 membership functions are needed
for this last variable, being all trapezoidal, since the proposed controller tries
to minimize this variable (and not to track it) and, therefore, accuracy in this
variable is not the highest priority.

• Lateral Torque Distribution: For the torque percentage to be applied to each
side of the vehicle, ⌧lat , a more complex distribution of membership functions
has been chosen, nine in this case. As for the yawrate error and its derivative
inputs, the accuracy and smoothness are crucial in this signal, and therefore,
trapezoidal functions have been selected for the boundaries, while triangular
ones have been selected for the rest.
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Figure 4.7: Fuzzy Logic Controller Membership Functions

The corresponding rules for the proper performance of the Fuzzy Logic controller
have been implemented based on the expert knowledge of the system and human
driving datasets. Table 4.1 shows the names and description of the membership
functions, while Tables 4.2 to 4.4 show the implemented rules. A representation of
the membership functions is also provided in Figure 4.6.

4.3.2.2 Regenerative Braking moment contribution

In electric vehicles, regenerative braking is an essential technology to improve energy
efficiency. When considering a TV approach, regenerative braking can not only en-
hance the overall efficiency of the vehicle, but also enhance its dynamic behaviour,
providing an extra yaw moment which contributes to the improvement of cornering
performance, specially in emergency manoeuvres.
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Table 4.1: Membership Functions Names.

Names Description
NVL NEGATIVE VERY LARGE
NL NEGATIVE LARGE
NM NEGATIVE MEDIUM
NS NEGATIVE SMALL
ZE ZERO
PS POSITIVE SMALL
PM POSITIVE MEDIUM
PL POSITIVE LARGE

PVL POSITIVE VERY LARGE

Table 4.2: Rules for negative yaw rate error derivative

ė( ̇) < 0 e( ̇)

e(�)

NL NS ZE PS PL
NL ZE NS NM NL NVL
NS ZE ZE NS NM NL
ZE ZE ZE ZE NS NL
PS PM PS ZE ZE NS
PL PL PM PS ZE ZE

Table 4.3: Rules for zero yaw rate error derivative

ė( ̇) = 0 e( ̇)

e(�)

NL NS ZE PS PL
NL ZE NS NM NL NVL
NS PS ZE NS NM NL
ZE PM PS ZE NS NM
PS PL PM PS ZE NS
PL PVL PL PM ZE ZE

Table 4.4: Rules for positive yaw rate error derivative

ė( ̇) > 0 e( ̇)

e(�)

NL NS ZE PS PL
NL ZE ZE NS NS NM
NS PS ZE ZE NS NS
ZE PM PS ZE ZE ZE
PS PL PM PS ZE ZE
PL PVL PL PM PS ZE
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This way, in the proposed TV system, a regenerative braking component is im-
plemented, which is only activated when the sideslip angle � is above 10°, as this
is an indicator of undesirable behaviour (understeering or oversteering). Hence, if
the lateral torque distribution generated by the Fuzzy Logic controller ⌧lat and the
moment generated by regenerative braking in critical conditions is considered, the
motor torques considering the lateral distribution ⇣i j can be calculated as follows,

⇣FL =

I
�max(min(⌧lat , (1� ⌧lat)), �F ront), if � � 10
⌧lat , otherwise

⇣FR =

I
�max(min(⌧lat , (1� ⌧lat)), �F ront), if � � 10
1� ⌧lat , otherwise

⇣RL =

I
�max(min(⌧lat , (1� ⌧lat)), �Rear ), if � � 10
⌧lat , otherwise

⇣RR =

I
�max(min(⌧lat , (1� ⌧lat)), �Rear ), if � � 10
1� ⌧lat , otherwise

(4.14)

As represented in Eq. 4.14, the braking torque will be applied in the inner or
outer wheels, depending on the lateral torque distribution provided by the fuzzy yaw
moment controller ⌧lat . This is, this negative torque will be applied in the inner wheel
when the vehicle is suffering understeering, in order to help it to increase its cornering
capabilities, and in case of suffering oversteering the braking torque will be applied in
the outer wheel in order to avoid the possible stability loss.

Note, however, that this extra yaw moment generated by the regenerative braking
has to be strictly controlled by limiting the regenerative torque, as possible stability
losses can arise if other case. Additionally, these limits have to be tuned for each axle
(�F ront and �Rear ), as both axles (front and rear) do not brake equally.

4.3.3 Motors Torque Calculation (Layer 3)

The last subsystem calculates the exact motor torque command to be applied to each
wheel ⌧i j , based on the torque requested by the driver ⌧ using the throttle position,
the lateral torque distribution provided by the Level 2 controller ⇣i j (Section 4.3.2)
and the vertical tyre forces information provided by the estimator that will be detailed
in Section 4.3.4.

This block is used exclusively in 4WD vehicles, in which is possible to distribute the
torque not only laterally but also longitudinally (between the front and rear axles). The
latter is carried out by considering the information provided by the vertical tyre forces
estimator, whose goal is to provide greater torque commands to the motors whose
tyres have more grip. For that purpose, a simple but effective torque distribution
algorithm is proposed, based on the maximum normal force that can be applied in an
axle fmax and the estimation of the vertical forces generated by the wheels at each
axle fwheels ,

⌧long =
fwheels

fmax
(4.15)
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where fwheels is the combination of the vertical forces of each wheel of an axle (left
and right) and fmax is the maximum normal force that can be applied in the front
axle (this is, considering that the whole mass is actuating only in one axle).

Once the longitudinal torque distribution is calculated, it is possible to calculate
the exact torque command for each of the motors by combining Eqs 4.14 and 4.15.

⌧f l = ⌧ ⌧long ⇣FL

⌧f r = ⌧ ⌧long ⇣FR

⌧r l = ⌧ (1� ⌧long) ⇣RL
⌧r r = ⌧ (1� ⌧long) ⇣RR

(4.16)

4.3.4 Intelligent Vertical tyre forces estimation

The dynamic behaviour of the vehicle is highly dependent on tyre forces, as these are
the elements in contact with the road. However, direct measurement of these forces
is not a solution, as these forces are very difficult to measure and the sensors needed
are very expensive. Hence, these forces need to be estimated, which is not a trivial
task, as the tyre/road contact dynamics not only has a nonlinear behaviour but also
depends on a number of different variables.

As analysed in Section 2.4.4, in the literature several analytical approximations of
different complexity level can be found. However, they usually present different prob-
lems related with their implementability, such as the utilization of variables difficult to
measure or a high computational cost due to an elevated complexity. In this sense, in
this work, the proposed vertical tyre forces estimator tries to address these two issues
through the utilization of Intelligent Control techniques, as they have demonstrated
to be universal approximators [155].

With the aim of avoiding to rely on variables difficult to measure in commercial
cars, the proposed estimator uses variables measured by typical on-board sensors.
Besides, in order to guarantee that the used data are representative enough and
simplify the training procedure, data obtained experimentally with the validated vehicle
dynamics model in Chapter 3 will be used.

The input data is composed by 16 variables: the steering angle (�), the x , y
and z linear acceleration (ax , ay , az), the vehicle total speed, the 3 angular speeds
associated to the local axes (roll rate, pitch rate and yaw rate) and the four wheel
torques (⌧FL, ⌧FR, ⌧RL, ⌧RR) and wheel angular speeds (!FL,!FR,!RL,!RR).

All of them can be easily measured using commercially available sensors such as
steering wheel angle sensor, Inertial Measurement Units (IMU), Global Positioning
Systems (GPS), and motor current and angular speed sensor (both needed by the
motor controller). The output data are the four vertical tyre forces estimations
(Fz,FL, Fz,FR, Fz,RL, Fz,RR).

In this chapter, two intelligent control techniques based solutions are proposed.
The first one uses an ANFIS, while the second one uses an ANN, for the vertical
tyre forces estimation. As both techniques use the same input data and have been
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trained with the same datasets, a comparison not only in terms of accuracy, but also
in terms of implementability can show which technique is more appropriate for this
particular application.

Regarding the specific structure of each solution. The ANN based estimator is
composed by three layers (an input layer, a hidden layer and an output layer), while
the ANFIS based estimator is composed by 5 layers (see Figure 4.3). In the first
one, 7 membership functions for each input have been developed. These membership
functions are of Gaussian type, as they provide better precision than triangular ones
[159] [158]. In the second one, the rules established by the learning process appear.
In the third and fourth layer the ratio calculation and normalisation is carried out to
finally, in the fifth layer, add all the signals and generate the output.

Once, the structure of each estimator has been chosen they must be trained. In
this case, the training data is proposed to be obtained through simulation experiments
using the framework validated in Chapter 3. This way, despite not having a real car
to obtain real data, it is possible to not only get representative data, but also, this
data can represent conditions that are very difficult to obtain in real tests. Finally,
once the estimators have been trained and their accuracy is high enough, they will be
validated (see Section 4.4.2).

4.4 Validation

In this section, the aforementioned Intelligent Torque Vectoring approach will be
validated with the framework detailed in Chapter 3. For that purpose, this section
is divided as follows. First, the whole validation setup is introduced. Second, the
validation of the proposed vertical tyre forces estimators is presented. Finally, the
validation and performance evaluation of the proposed Intelligent TV system is deeply
explained.

4.4.1 Simulation setup

The overall structure of the implemented setup is detailed in Figure 4.8, where a
Hardware-in-the-Loop (HiL) validation approach has been implemented.

This way, the TV algorithm has been deployed in a real hardware, the Xilinx Zynq
XC7Z020 SoC [15]. This is composed by two different hardware devices: a pro-
grammable logic part, this is a FPGA; and an ARM microcontroller (µC) of two
cores and 800 MHz clock rate. This chip is present in the Xilinx ZC702 Evaluation
Board (see Figure 4.9) which includes several I/O peripherals, that include commu-
nication buses, such as CAN, which are used to communicate with the rest of the
simulated vehicle.

The simulated vehicle runs on a laptop (2.8GHz and 16 GB RAM) which was
connected to the Xilinx Evaluation board through CAN Bus. A C-Class vehicle with
All Wheel Driven (AWD) electric powertrain topology has been selected for the val-
idations carried out in this section. The main parameters of the vehicle are detailed
in Table 4.5.
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Figure 4.8: Structure of the HiL setup

Note that as the selected Xilinx Zynq XC7Z020 SoC integrates an FPGA and a
microcontroller, both can used to deploy the code related to the proposed Intelligent
Torque Vectoring approach.

4.4.2 Validation of the Intelligent Tyre Forces Estimators

A fundamental part of the proposed Intelligent Torque Vectoring approach is the
designed Intelligent Tyre Forces estimators, which defines the longitudinal torque
distribution in 4WD vehicles.

In this section, the proposed approach will be validated considering the particulari-
ties of the two possible implementations discussed in Section 4.3.4: ANN and ANFIS.
As both alternatives are based on machine learning, first, their training procedure will
be detailed. In the second subsection, the implementation procedures and consid-
erations will be analyzed. Finally, both will be validated by considering an analytical
benchmark tyre forces estimator proposed in the literature.
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Figure 4.9: Xilinx ZC702 Evaluation Board [15]

Table 4.5: Vehicle Main Characteristics.

Mass (kg) 1623
Ix (kg m2) 700
Iy (kg m2) 2300
Iz (kg m2) 2830

Wheelbase (m) 2.82
Front Axis Track (m) 1.6
Rear Axis Track (m) 1.6

Tyre Radius (m) 0.328
Center of gravity to rear axle distance (m) 1.5
Center of gravity to front axle distance (m) 1.32

Height of center of gravity (m) 0.53
Frontal Area (m) 2.2

4.4.2.1 Training Procedure

The proposed Intelligent Tyre Forces Estimators require a training procedure to learn
the tyre dynamics. In order to train both approaches, as detailed in Section 4.3.4,
a supervised training approach has been selected, which requires to create a dataset
that includes both the set of inputs and their corresponding mapped outputs that the
ANN or ANFIS is supposed to learn. For the considered study-case, the datasets are
generated by simulating a whole lap in three different circuits. These circuits are the
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following ones Nurburgring, Silverstone and Montmelo, and the data were captured
by using the framework detailed in Chapter 3.

This way, as the samples were captured at 20 Hz, the dataset is composed by
a total of 21792 input/output samples, representing a wide variety of the possible
input ranges for the estimator. To avoid overfitting, the aforementioned dataset is
divided in two sets: a training set (75% of the samples) and a validation set (25% of
the samples). The selection of the samples was carried out randomly.

Once the training and validation datasets were defined, the training procedure was
carried out. In the case of ANN, it has been trained for 1000 epochs, considering a
single hidden layer and hyperbolic tangent activation function and using a combination
of the backpropagation and gradient descent algorithms with a learning rate value
of 0.1. In order to determine the optimum number of neurons in the hidden layer, a
training batch has been executed from 10 to 60 neurons.

Table 4.6 summarizes the accuracy and relative improvement to the previous
option provided by different ANNs, depending on the number of neurons selected.

Table 4.6: Neural Network training and results

Number of Neurons
10 20 30 40 50 60

MAE [N] 4756 2181 621 159 97 95
NMAE [%] 63.96 29.33 8.35 2.13 1.30 1.27

% Improvement N/A 54.14 71.52 74.39 38.99 2.06

The Normalized Mean Absolute Error (NMAE) for the validation data is relative
low (less than 2.5%) from 40 neurons, which is considered an optimal accuracy for
this application. Additionally, it can be seen that the improvement in the accuracy
percentage is significantly reduced from 50 neurons. Therefore, it can be concluded
that the optimal number of neurons is between the interval [40,50].

Note that as this ANN will be implemented in a FPGA, several modifications have
to be carried out with the aim of achieving better computational cost and resources
utilization. Hence, the exact number of neurons will be selected after the effect of
all these modifications are evaluated.

Finally, as detailed in Section 4.3.4, the selected ANFIS architecture was divided
in five layers. In this case, the method selected for the generation of the Fuzzy
inference system is Subclustering, due to the high number of inputs. Considering the
aforementioned architecture and the defined datasets an hybrid training method (see
Table 4.7) during 1000 epochs has been carried out, consisting of backpropagation
for the parameters associated with the input membership functions, and least squares
estimation for the parameters associated with the output membership functions.

4.4.2.2 Implementation

The implementation of the aforementioned estimators in the Xilinx Zynq XC7Z020
SoC is discussed in this section. This hardware platform implements both a FPGA
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Table 4.7: Parameters of the Hybrid Method Training

Range of Influence 0.5
Squash Factor 1.25
Accept Ratio 0.5
Reject Ratio 0.15

(Xilinx Artix 7 model) and a microcontroller. The use of FPGA increases computa-
tional efficiency by liberating resources from the microcontroller [114]. In addition,
unlike microcontrollers, where the algorithm deployed is run as software, in FPGAs,
the deployed algorithm is run as hardware. However, complex code does not fit in
FPGAs, and proper code optimization is required to achieve this goal.

This way, only the ANN based vertical tyre forces estimator has been implemented
in the FPGA, while the ANFIS based one has been implemented in the microcontroller
by using the MATLAB Embedded Coder [121] tool. This choice is motivated by the
following reasons. First, the FPGA has limited hardware resources and therefore all
the subsystems cannot be implemented in this device. Second, the intrinsic mathe-
matical formulation of neural networks make them very suitable for their implemen-
tation in FPGAs. Finally, although the ANFIS based vertical tyre forces estimator
also includes an ANN, the fuzzy part increases the hardware resources requirements,
making it not suitable for the device selected in this work.

However, the implementation of ANNs in FPGA has the hardware resources lim-
ited. For that reason, several modifications have to be carried out so that the ANN
can fulfill the device resources restrictions without compromising its performance.
These will be detailed next:

• As it is stated in [114], pipelining has to be disabled with the aim of decreasing
the resource utilization.

• Due to the high amount of hardware resources that floating point mathematical
operations need, the data type of the variables has to be adapted from floating
point to fixed point data type. Using the Matlab Fixed-Point Toolbox [121],
the optimal data type has been established experimentally as fixed point data
of 24 bits, where the length of the decimal part depends on the working range
of each variable.

• In addition, some mathematical operations are very inefficient to be solved in a
FPGA. In particular, the activation function of the neurons is a hyperbolic tan-
gent function, whose implementation requires a lot of resources. To optimize
its execution for a fixed point implementation, this operation has been replaced
by a look-up table (LUT). The maximum relative tolerance between the original
output value and the output value of the approximation has been established
as 2%. Additionally, the breakpoint specification has been carried out using the
"EvenPow2Spacing" method, which means a power-of-two spacing, providing a
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Table 4.8: NN FPGA Implementation Resources and Performance

Size
Resource Utilization

NMAEBRAM DSP Registers LUTs
Total % Total % Total % Total %

40 47 33.5 216 98.18 24448 22.9 37356 70.2 2.93
50 50 35.7 270 122.7 30187 28.3 39254 73.7 1.88

fastest execution speed. The rest of the operations are additions/substractions
or multiplications that can be implemented easily on a FPGA.

These modifications to the ANN estimator have to be evaluated, as they will have
an impact on the accuracy of the final ANN Estimator and the resource utilization
of the FPGA. Table 4.8 shows the NMAE and the percentage of FPGA resources
utilization for the two ANN architectures selected in Section 4.4.2.1. In this case,
the most critical resources are the DSP (220 available in the selected device). In
spite of that the explained modifications have contributed to reduce the number of
needed DSP in exchange of using more BRAM, registers and LUTs, the only ANN
that fulfills the hardware resources requirements is the one composed by 40 neurons.
As it can be seen, the 40 hidden neurons ANN Estimator is the one that fits the
selected FPGA, and its accuracy is reduced a 0.83% due to the changes required for
FPGA implementation.

4.4.2.3 Validation Results

Once both approaches for the Intelligent Tyre Forces estimator have been imple-
mented on the Xilinx Zynq XC7Z020 SoC, their performance is evaluated by compar-
ing their estimation accuracy with a mathematical model based tyre forces estimator
found in the lierature [18] (see Appendix A).

The manoeuvre chosen for the validation of the proposed estimators is the Double
Lane Change with a longitudinal acceleration ax = 2.83 m/s2, as it is challenging
enough and covers a wide range of vehicle speed (from 50km/h to 100km/h). Note
that the Dynacar’s internal high fidelity tyre model [119] is used as the reference to
define the accuracy of each approach.

Figure 4.10 and Table 4.9 show the results obtained for the forces estimation
in each wheel. They show that the ANFIS estimator provides the best accuracy
(approximately 2% of error), while the ANN based estimator offers a good accuracy
as well, being both below the 3.5% of error. The benchmark estimator based on [18]
provides the lowest accuracy, with an error of approximately 5%, corresponding to
the errors obtained in [18].

However, if the computational cost is considered, the ANN Estimator offers the
best performance, with a total time to be run by the FPGA of 3.1 microseconds
(µs). The total time needed by the analytical model and the ANFIS based estimator
to be run in the microcontroller are 750µs and 900 µs. This means that the proposed
ANN based tire vertical forces estimator is more than 240 times faster to be executed
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Figure 4.10: Fz Estimation - Double Lane Change

Table 4.9: Double Lane Change Results

ANFIS ANN Model

FL
MAE [N] 109.63 186.74 301.26
NMAE [%] 1.92 3.28 5.29

FR
MAE [N] 98.33 189.74 281.20
NMAE [%] 1.73 3.34 4.96

RL
MAE [N] 111.99 191.27 380.30
NMAE [%] 1.64 2.80 5.56

RR
MAE [N] 144.20 227.57 341.98
NMAE [%] 2.04 3.22 4.84
Execution time [µs] 900 3.1 750

thanks to the implementation in a FPGA and the computational optimizations carried
out.

In summary, both techniques, ANN and ANFIS, used for the vertical tyre forces
estimation have demonstrated to be very suitable approaches to implement tyre forces
estimators, as they can compensate both uncertainties in the model and provide ab-
straction from complexity. In particular, if ANNs are selected for implementation,
their computational cost can be greatly reduced by the use of FPGAs, while main-
taining a high level of accuracy. Thus, this approach will be implemented in the
Intelligent Torque Vectoring validation tests detailed in the next sections.

4.4.3 Validation of the proposed Intelligent TV

In this section, the Intelligent Torque Vectoring proposed in Section 4.3 is validated
by using the simulation setup proposed in Section 4.4.1. As previously stated, all the
elements that compose the Intelligent TV system (see Figure 2.10) are implemented
in the microcontroller, with the exception of the Intelligent Tyre Forces Estimator,
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which has been implemented in the FPGA using an ANN-based approach. In order
to validate the approach, a comparative analysis will be carried out with two widely
used approaches in the literature:

• PID control: PIDs have been widely used for a variety of applications, including
TV. The selected PID approach is based on a PID controller with feed-forward
contribution [16] (Figure 4.11). Its parameters have been tuned experimentally
for both open loop frequency response and the requirements of the closed-
loop bandwidth. The obtained values are the following: KP = 75200Nms/rad,
KI = 0.00365Nm/rad, KD = 0.76 Nms2/rad.

Figure 4.11: PID based TV approach [16]

• Second Order Sliding Mode Controller (SOSMC): Sliding Mode Control meth-
ods are able to improve the system performance from both disturbance rejection
and convergence points of view. Due to these advantages, they have been used
to implement TV approaches. However, First Order Sliding Mode controllers
present chattering issues when operating. Hence, in this work a Second Order
Sliding Mode Controller [17] (Figure 4.12) has been selected to compare its
performance. The control parameters have been tuned as follows: �1 = 2.5
and �2 = 10000.

Figure 4.12: SOSMC based TV approach [17]
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To determine the performance of the aforementioned approaches, and the pro-
posed one, each approach will be analyzed in the following set of standarized manoeu-
vres: Ramp Steer, Double Lane Change, and a lap in a Circuit. These manoeuvres
allow to evaluate the lateral dynamics performance of the vehicle, and the effect of
TV approaches.

4.4.3.1 Ramp Steer Manoeuvre

The first manoeuvre is the called ramp steer. This manoeuvre consists in applying
a ramp steer input (15 deg/s) at a constant vehicle speed. This speed has been
established at 80 km/h for dry road condition and 50 km/h for wet road condition,
as these speeds correspond to the most common situations in urban and medium
speed roads. The main objective of this test is to determine the maximum lateral
acceleration of a vehicle in steady-state cornering conditions. As stated in Chapter 2,
TV algorithms have demonstrated their ability in these conditions to not only modify
the understeering characteristics, but also, to extend the linear zone and increase the
maximum lateral acceleration.

Figures 4.13-4.14 and Table 4.10 show the results obtained for this manoeuvre
for the studied cases: PID TV, SOSMC TV, Intelligent TV, and the passive vehicle.
Note that wet (friction condition µ = 0.6) and dry conditions (friction condition
µ = 0.9) have been studied.

It can be appreciated in Figures 4.13 and 4.14 that the optimal torque distribution
provided by a TV approaches helps to reduce the understeering, extending the linear
zone and increasing the maximum lateral acceleration in comparison with the passive
vehicle, both in dry and wet conditions.

Table 4.10 summarizes the results. First, it can be appreciated that the PID TV
provides the worst performance compared to the other solutions. It only considers
the yawrate tracking, while the SOSMC TV and Intelligent TV also consider the
sideslip angle. Finally, the maximum improvement is given by the proposed approach
(14.99% for dry conditions and 14.12% for wet conditions), demonstrating that
having a reliable knowledge of the vertical tyre forces contributes for an optimal
torque distribution.

Table 4.10: Ramp Steer Manoeuvre Maximum Lateral Acceleration Comparison

Dry Conditions Wet Conditions
Max. Lat Acc % Impr. Max. Lat Acc % Impr.

Passive 7.832 m/s2 - 5.590 m/s2 -
PID TV 8.858 m/s2 11.582 6.336 m/s2 11.780
SOSMC TV 9.161 m/s2 14.507 6.375 m/s2 12.321
Intelligent TV 9.214 m/s2 14.990 6.509 m/s2 14.124
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Figure 4.13: Understeering Characteristics (Dry Condition)
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Figure 4.14: Understeering Characteristics (Wet Condition)

4.4.3.2 Double Lane Change Maneouvre

The second manoeuvre that has been performed is the called Double Lane change
[160]. This manoeuvre is a typical obstacle avoidance manoeuvre in which the vehicle
performs a lane change to avoid the obstacle (or preceding vehicle) and then moves
back to its original lane. The lane change is fixed in space and marked with gates
made with cones, which the vehicle must go through. Figure 4.15 shows the XY
plane projection of this test, with three cone gates marking the limits the vehicle
must not surpass.

To perform this test, a initial speed of 50 km/h has been selected for dry and wet
road conditions. Accordingly, an appropriate constant torque reference for each case
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has been applied (2300 Nm total torque for dry road condition and 1500 total Nm
for wet conditions). This provides a longitudinal acceleration of 4.27 m/s2 (0.43g)
and 2.78 m/s2 (0.284g), allowing to obtain a final speed of almost 100 km/h and
80km/h respectively, covering the most common speed range of passenger vehicles
in medium speed roads in both conditions. This manoeuvre is very challenging for the
passive vehicle (without TV), but this case has also been considered for reference.

Results for dry conditions are shown in Figures 4.15-4.18. In Figure 4.15 it can
be appreciated that the manoeuvre is only performed successfully by the proposed In-
telligent TV approach, while the other approaches are not able to follow the required
yaw rate reference and surpass the limits imposed by the cones. This phenomenon
can be further appreciated in Figures 4.16, 4.17 and 4.18, where the lateral acceler-
ation, the steering wheel angle and the slip angle are analyzed. As it can be seen,
the proposed Intelligent Torque Vectoring approach allows to maintain the desired
dynamic behaviour thanks to a proper torque distribution algorithm (including re-
generative braking, marked in green in Figure 4.16). This enables to achieve higher
lateral accelerations while reducing the steering wheel angle and slip angles. Note,
in fact, that the steering wheel angle and front wheels slip angle, are considerably
higher (44°and 5.5°average, respectively) for the PID TV approach and SOSMC TV
approach.
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Figure 4.15: Double Lane Change - Trajectory (Dry Conditions)
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Figure 4.16: Double Lane Change - Lateral Acc. (Dry Conditions)
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Figure 4.17: Double Lane Change - Steering wheel angle (Dry Conditions)
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Figure 4.18: Double Lane Change - Slip Angle (Dry Conditions)
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In the case of wet conditions (Figures 4.19-4.22) the effect of an optimal torque
distribution is much more remarkable. As in the previous case, the proposed Intelligent
TV approach is the only one that is able to make the vehicle perform the manoeuvre
successfully. However, the difference is higher compared with the dry case. In the case
of the steering wheel angle (Figure 4.21) it can be seen that the value is saturated
to the maximum physical value (±450°) for all cases. If this aspect is analyzed
with the slip angle values (Figure 4.22), it can be seen that all approaches, except
the proposed Intelligent Torque Vectoring, present excessive understeering behaviour.
Moreover, in this case, the maximum values for the steering wheel and front wheels
slip angle are reduced a 35% and a 54% respectively compared to the passive vehicle.
Therefore, the results obtained for this manoeuvre, in dry and wet road conditions,
demonstrate the effectiveness of the TV approach presented in this work, providing
the most optimal torque distribution, thanks to considering the vertical tyre forces
and a regenerative braking (marked in green area when this function is activated in
Figure 4.16 and 4.20).
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Figure 4.19: Double Lane Change - Trajectory (Wet Conditions)

Figure 4.20: Double Lane Change - Lateral Acc. (Wet Conditions)
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Figure 4.21: Double Lane Change - Steering wheel angle (Wet Conditions)
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Figure 4.22: Double Lane Change - Slip Angle (Wet Conditions)

4.4.3.3 Circuit test

In the previous tests, the enhancement on the dynamic behaviour of the vehicle has
been analysed for the different TV approaches. In this test, an efficiency comparison
will be carried out to evaluate the effect of the proposed TV approach on energy
consumption.

For that purpose, the study-case vehicle has been simulated on three circuits
(Nurburgring, Montmelo and Silverstone), where a whole lap has been simulated by
the Virtual Driver of the Vehicle Dynamics Simulation Framework (see Figure 4.23).
The electrical energy consumed has been computed in each case.

Results are summarized in Table 4.11. As it can be seen the proposed TV ap-
proach provides a lower energy consumption (7% average of energy consumption
reduction compared to the PID TV and SOSMC TV) thanks to the regenerative
braking contribution with its consequent efficiency improvement. It has to be re-
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Figure 4.23: Nurburgring, Montmelo and Silverstone circuits

marked that the regenerative braking is not activated in each braking condition, but
only when the sideslip angle is greater than 10°, as it has been already explained in
Section 4.3.2.

Table 4.11: Electrical Energy Consumption Comparison

Passive PID TV
Energy Improvement Energy Improvement

Nurburgring 17.01 kWh N/A 15.71 kWh 7.62%
Montmelo 5.62 kWh N/A 5.27 kWh 6.61%
Silverstone 8.34 kWh N/A 7.8 kWh 6.42%

SOSMC TV Intelligent TV
Energy Improvement Energy Improvement

Nurburgring 15.89 kWh 7.59% 14.65 kWh 13.35%
Montmelo 5.13 kWh 8.88% 4.88 kWh 13.21%
Silverstone 7.82 kWh 6.21% 7.2 kWh 13.67%

4.5 Conclusions

The development of real-time capable, accurate and efficient vehicle dynamics control
systems is a key issue for the development of vehicles with independent in-wheel
motors. In this chapter a novel Intelligent Torque Vectoring system, that combines
a Fuzzy yaw moment controller and an intelligent tyre forces estimator, which allows
minimizing model dependency and energy efficiency through reducing the tyre slip.
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The developed approach considers both longitudinal and lateral torque distribu-
tions. The longitudinal distribution is calculated considering the vertical load of each
axle, which is estimated using an intelligent tyre forces estimator. Two implemen-
tations for this estimator are proposed and analyzed, considering different hardware
targets: An ANFIS-based approach for microcontroller implementation; and a ANN-
based approach for FPGA implementation. Both estimators use already available
data on current vehicles, and do not require model parameter identification, as they
are trained using experimental data. The accuracy of both estimators have been vali-
dated by comparing their estimations with a benchmarking analytical estimator found
in the literature. Results show that both proposed estimators provide higher accu-
racy, being the ANFIS based solution the one which provides the highest accuracy
(2% average error). However, its execution time is 240 times bigger than the ANN
based estimator, which provides the highest balance between accuracy (3% average
error) and computational cost.

On the other hand, the lateral torque distribution is achieved using a Fuzzy Yaw
Moment Controller. This controller allows to distribute the torque laterally (right and
left wheels), to minimize wheel slip and enhance cornering capabilities. Moreover, its
rule-based design allows to minimize model dependency.

In order to validate the aforementioned approach a set of challenging maneou-
vres have been proposed, and the developed Intelligent TV has been compared with
other proposed approaches in the literature (PID and SOSMC) by using a HiL setup.
Cornering response and power consumption have been evaluated. Regarding the ve-
hicle cornering capabilities and stability, results show that, thanks to the tyre vertical
forces knowledge, the vehicle that features the proposed approach achieves the high-
est vehicle dynamics improvement in high and low friction conditions (3% and 1.15%
maximum acceleration improvement with respect to PID TV and SOSMC TV), due
to the optimal torque distribution.

Moreover, if power consumption is analysed, energy consumption results show
that the proposed approach can effectively reduce (about a 13%) the powertrain and
tyre losses thanks to the regenerative braking contribution and the tire vertical forces
knowledge.

Hence, in this Chapter the validity of the proposed Intelligent TV approach has
been demonstrated, as well as its advantages. However, even having demonstrated
that the approach allows reducing the required energy in a EV, it is also true that this
is carried out indirectly, by reducing tyre slips and using the regenerative braking. If
cornering dynamics and energy efficiency have to be combined, or adaptively consider
one term over the other in certain scenarios (i.e., critical situations), the energy
efficiency has to be directly considered in the TV formulation. In the next Chapter,
this issue will be handled by proposing a novel TV controller.
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Energy-efficient NMPC
Torque Vectoring

In this chapter the second contribution of this Ph.D. thesis is
presented. As previously stated and analysed in Chapter 2, the
limited driving range derived by the energy consumption is one of
the biggest issues for EVs widespread adoption. Therefore, in this
chapter an energy-efficient NMPC TV system, which includes a fuzzy
logic based cost function weight adaptation mechanism, is proposed.
This novel approach targets both the vehicle dynamics performance
and the energy efficiency explicitly, considering the powertrain and
tyre slip power losses. The proposed TV approach is compared with
the one presented in the aforementioned Chapter, and the effect of
the different terms of the MPC are analyzed deeply.
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5- Energy-efficient
NMPC Torque

Vectoring

5.1 Introduction

As stated in Chapter 2, TV systems that not only enhance the vehicle dynamics
but also the overall efficiency is one of the most active research topics in the vehi-
cle dynamics control systems area. The limited driving range has been so far one
of the main technical constraints to the widespread adoption of EVs. Hence, the
development of systems that can help to increase the driving range is crucial for EVs.

The most important power loss sources in EVs are the powertrain (due to the
electrical and mechanical power losses) and the tyres (due to the slip). In this sense,
TV has a direct impact on both sources, as on the one hand, it generates the electric
motor torque commands (determining the operation point), and on the other hand,
the generated motor torque commands will affect the vehicle dynamics behaviour
(and, therefore the tyre slip power losses).

In Chapter 4 an Intelligent TV system able to enhance both vehicle dynamics
behaviour and energy consumption, has been proposed. However, the proposed ap-
proach does not consider explicitly the energy consumption in its formulation, and the
improvement achieved in this aspect is a consequence of the provided optimal torque
distribution, partly thanks to the vertical tyre forces knowledge and the inclusion
of the regenerative braking term into the TV, which minimize the aforementioned
power losses. Therefore in the proposed approach it is not possible to tune TV be-
haviour to enhance cornering response or energy efficiency, which also a key issue to
be considered in TV approaches for EVs.

Therefore, in order to fully exploit the potential of TV as an energy-saving ap-
proach, including explicitly an energy term in the TV formulation is required. However,
as seen in Chapter 2, most of the works proposed tend to minimize efficiency in each
layer of the controller structure (see Figure 2.10) independently, which may cause
problems if overall efficiency is considered.

Hence, in order to address the aforementioned issues, in this Chapter, a novel
energy efficient TV approach is proposed, which presents three main contributions
over the works proposed in the literature:

• The use of an implicit nonlinear model predictive control approach (NMPC) to
combine layers 2 and 3, this is, the direct yaw moment calculation layer with
the control allocation layer, which allows to optimize the yaw rate tracking per-
formance and energy-efficient cornering response considering yaw rate, sideslip
angle and torque constraints at once.

• The use of a fuzzy-logic based weight adaptation mechanism in the NMPC
to mediate between the requirements of vehicle stability and energy efficiency,
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thus, allowing to adapt the focus of the TV depending on the scenario.

• The definition of a methodology to define an energy-efficient reference yaw rate
(Layer 1), that also considers the torque allocation layer (Layer 3).

In order to describe the proposed approach, first, the fundamentals concepts of
model predictive control will be presented. Second, the proposed energy-efficient
NMPC TV approach will be deeply explained. Third, the implemented simulation
setup and selected study case will be presented. Finally, the obtained results are
deeply presented and discussed, and the main conclusions summarized.

5.2 Fundamental Concepts on Nonlinear Model Predictive
Control

Model Predictive Control (MPC) [147] was originated in the late seventies and has
been developed considerably since then. This type of controllers are based on the
following three ideas. First, the explicit use of a model (linear or nonlinear) to predict
the process output at future time instants. Second, the calculation of a control
sequence minimizing a cost function. And finally, the receding horizon strategy. This
is, at each instant, the controller horizon (see Figure 5.1) is displaced towards the
future, which involves the application of only the first control signal of the sequence
calculated at each step.

These three main characteristics, make the MPC a powerful technique that presents
several advantages. For instance, the tuning of the controller is very intuitive, being
effective in controlling processes with both simple and complex dynamics. Besides,
the multivariable case can be easily addressed, as it can deal with actuator constraints,
and it introduces a feedforward control to compensate for measurable disturbances.

Nevertheless, it also presents its drawbacks. One of them is that although the
resulting control law is easy to implement, its derivation is more complex than that
of the classical PID controllers, increasing its computational cost when constraints
are considered. Apart from that, as it is a model-based control technique, its per-
formance relies on model accuracy. Therefore, the greatest drawback is the need
for an appropriate model of the process. However, its potential and advantages have
increased the interest in this approach lately, and the increase in computational power
has extended its use in areas such as Automated Driving or Power Electronics.

5.2.1 MPC Strategy

All MPC controllers are characterized by the following strategy, summarized in Figure
5.1. As MPCs are only implemented in discrete time, at each time step t, the
following three steps are carried out:

1. Future outputs t+k for a determined prediction horizon Hp (where Hp = NTs ,
being N the number of steps and Ts the prediction model’s timestep), are
predicted at each instant t using the process model. These predicted outputs
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ŷ(t + k |t)1 for k = 1...N depend on the known values up to instant t (past
inputs and outputs) and on the future control signals u(t+ k |t), k = 0...N�1,
which are those to be calculated by the MPC.

2. The set of future control signals is calculated by optimizing a determined Cost
Function J to keep the process as close as possible to the reference trajectory
w(t + k) (which can be the setpoint itself or a close approximation of it) while
trying to minimize the required control action u(t+k |t) (or its variation). This
Cost Function is usually a quadratic one.

3. Once the optimum control sequence is calculated, only the control signal related
to the current time step t, u(t), is sent to the process whilst all the other
calculated control signals are rejected. Note that this is carried out in order to
ensure proper feedback and keep the system under closed loop control.

𝑢(𝑡)
𝑢(𝑡 + 𝑘)

𝑡

𝑡

w(𝑡 + 𝑘)

푦(𝑡 + 𝑘)

Past Future

Prediction Horizon (Hp)

Figure 5.1: MPC Strategy

Once these steps are carried out, the system evolves to time step t + 1. Note
that the obtained y(t + 1) may differ from the predicted one ŷ(t + 1), emphasizing
the need to reject all control actions except for the first one. In this new step, the
same process is repeated, estimating again the future outputs for the same horizon,
from t + 1 to t + N + 1, which involves the receding horizon concept.

In order to implement this strategy, the basic structure shown in Figure 5.2 is
followed. As previously stated, a model is used to predict the future outputs of the
system. This is taken into account by the optimizer, which also considers the form
of the Cost Function and the constraints.
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Figure 5.2: Basic structure of MPC

5.2.2 Prediction Model

The process model plays a decisive role in MPC controllers, as the chosen model
must be able to capture the process dynamics to precisely predict the future outputs
and be simple to be implemented and understandable.

Two main model types can be implemented: linear and nonlinear models. Even if
both share the same basic strategy, they have significant differences to be considered
when implementing them for real-time applications. MPCs based on linear models
have been widely studied in the literature, and currently allow high computational
efficiency and reduced complexity due to the use of linear solvers and linear control
theory. However, they present drawbacks if the process to be controlled is nonlinear,
as significant performance losses may arise.

In these cases, non-linear models are usually the best alternative, although they
require the more complex nonlinear MPC formulation, which is not as studied as
the linear one and requires higher computational cost. In these cases, a nonlinear
state-space form can be used to generically represent a system,

.

ẋ(t) = f(x(t),u(t)) (5.1)

where f is a nonlinear function.
Additionally, as MPCs are defined in discrete time, they need also a discretized

model. Although this process is quite straightforward for linear models, in the case
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of nonlinear models, the process is not trivial, as in general, there is no analytical
solution for the discretization procedure,

ẋ(t) = f(x(t),u(t))! x(k + 1) = fd((x(k),u(k)) (5.2)

Hence, in the literature, two main approaches have been used. The first is trying
to approximate the nonlinear model to a linearized one by using a linearization on a
single operation point, a LTV approach or a Piece Wise Affine approximation. Once
linearized, the model is discretized and a linear MPC approach can be implemented.

The second approach is based on integrating the model response using numeric
computation methods such as Euler or Runge Kutta [161]. This integration is carried
out in continuous time, but the inputs are considered constant during the equivalent
to a discrete period. Then, the outputs associated with the discretized time steps
are considered as the discrete outputs for the system,

x(k + 1) = x(t + T ) = x(t) +
⁄ T

0
f(x(t),u(t))dt (5.3)

This latter approach requires higher computation time, as a numeric integrator
is required to calculate the discretized outputs at each time step. The use of this
approach leads to the use of a nonlinear MPC (NMPC) technique, which will be the
focus of this Chapter.

5.2.3 Nonlinear MPC control law

The control law of a nonlinear MPC approach is described as a nonlinear optimization
problem which is solved at each time step t,

min
u+

N�1ÿ

k=0

`(x(k),u(k))

s.t.
x(0) = x(t)

x(k + 1) = fd(x(k),u(k))
x(k) 2 X
u(k) 2 U

k = 0, . . . , N � 1

(5.4)

where X and U are the constrained sets for the states and the control actions, and
`(x(k),u(k)) is the stage cost function, which is typically quadratic.

Solving the aforementioned nonlinear optimization problem leads to the optimal
control sequence u+ calculated in t for the whole horizon H,

u+ = [u(0) u(1) ... u(N � 1)]T (5.5)

Note, however, that only the first control step, u(t) = u(0) will be applied, and
the process will be repeated in the next time step, as previously detailed.

Once that the fundamentals of the MPC formulation have been introduced, in the
following section the proposed energy efficient NMPC TV approach will be detailed.
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5.3 Energy Efficient NMPC Torque Vectoring Approach

In this section the proposed TV approach is presented. Figure 5.3 summarizes the
overall structure of the proposed TV controller and its fundamental blocks.

Figure 5.3: NMPC TV Overall structure

The proposed approach requires the total force demand Fx,ref , the steering angle
� and the vehicle parameters ✓ to operate, and calculates the individual torques to be
applied in each wheel ⌧i j (with i = F,R (front, rear) and j = L,R (left, right). For
that purpose, first the energy efficient yaw rate  ̇ref (Section 5.3.2) is required, which
considers the control allocation, using an optimal front-to-total torque distribution
Tr,opt,j (Section 5.3.1). Based on this data the designed NMPC approach calculates
the final individual torques ⌧i j (Section 5.3.3). Next, each of these subsystems will
be detailed.

5.3.1 Energy-efficient front-to-total wheel torque distribution

As seen in Section 2.4.3, the front-to-total torque distribution can affect the ve-
hicle understeering characteristics, and also the overall vehicle power consumption.
Therefore, if an energy efficient yaw rate reference is to be generated, this torque
distribution has to be analyzed first.

In this sense, different approaches for energy efficient control allocation [82,162]
have demonstrated that if powertrain losses are considered, the overall power con-
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sumption is reduced typically in two scenarios: when a single axle transmits all the
torque (100% rear or front) or in the case in which an even distribution (50% rear
and 50% front) is applied. Moreover, until certain powertrain operation point, which
depends on a particular torque and angular speed, the single axle solution provides
the best efficiency. However, when this operation point (switching point) is reached,
an even distribution provides the most energy efficient response.

Based on this idea, in this section a procedure to define the energy-efficient front-
to-total wheel torque distribution is proposed, which consist on finding the optimal
switching point between the aforementioned scenarios (single axle and even distri-
bution). This approach requires to have the efficiency map of each powertrain im-
plemented in the AWD vehicle ⌘(⌧i j ,!i j) (i = F,R and j = L,R) in terms of its
operation point (torque ⌧i j and angular speed !i j).

For this purpose, first, the front-to-total wheel torque distribution ratio Tr,j is
defined. This ratio represents the amount of torque that is assigned to each wheel
of a side of a AWD vehicle (left or right) with respect to the total torque assigned
to that side,

Tr,j =
⌧Rj

⌧F j + ⌧Rj
(5.6)

In order to obtain the optimum Tr,j distribution, the overall powertrain efficiency
⌘tot,j associated to a vehicle side j (Left or Right) needs to be maximized,

max
Tr,j

⌘tot,j (5.7)

where ⌘tot,j is given by,

⌘tot,j =⌘tot,j (Tr,j , ⌧j ,!F j ,!Rj) =
Pout,j (Tr,j , ⌧j ,!F j ,!Rj)

Pin,j (Tr,j , ⌧j ,!F j ,!Rj)

=
Tr,j!F j + [1� Tr,j ]!Rj
Tr,j

⌘(Tr,j⌧j ,!F j )
!F j +

1�Tr,j
⌘([1�Tr,j ]⌧j ,!Rj )!Rj

(5.8)

where ⌧j = ⌧F j + ⌧Rj is the total torque assigned to a vehicle side j ; !F j and !Rj
are the rotational speeds of the front and rear wheels of side j ; and ⌘(⌧i j ,!i j) is the
efficiency map of the powertrain. In order to perform the aforementioned optimization
the following will be assumed !F,j = !Rj ⇡ V/Rw , where V is vehicle speed.

Hence, the resulting energy-efficient front-to-total wheel torque ratio Tr,j can be
obtained by using a map (which could be implemented as a look-up table, Figure
5.4), that relates,

Tr,j = Tr,j (⌧j , V/Rw ) (5.9)

5.3.2 Energy-efficient yaw rate reference generator

As stated in the literature review (Section 2.4.3), several works [80–82] have demon-
strated that layer 1 of a typical TV system structure (Figure 2.10) has at least an
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Figure 5.4: Energy Efficient Front-to-total wheel torque distribution LUT

equivalent impact on the energy consumption as the control allocation layer (layer
3). Moreover, these two layers are crucial if energy consumption aims to be reduced
by the TV algorithm.

These issues are addressed in this subsection, in which an energy efficient yaw rate
reference generation procedure is detailed, which also considers the control allocation
layer defined in the previous section (Section 5.3.1). The procedure is based on the
use of a set of simulations to determine an energy efficient yaw rate reference map
in terms of the vehicle state, the steering angle and the road parameters.

Energy efficient understeer characteristic map calculation

min
, ,

𝑃

Front-to-total torque 
distribution LUT (Right side)

Front-to-total torque 
distribution LUT (Left side)

Batch simulations using Vehicle Model & powertrain efficiency model

휇 𝑎 𝑉𝑀

𝜃 𝜂(휔 , , 휏 , )

Energy efficient steering angle map calculation
𝛿 𝑎 , 𝑎 , 𝑉, 휇 = 𝛿 , 𝑎 , 𝑎 , 𝑉, 휇 + 𝐿𝑎 /𝑉

𝛿 , (𝑎 , 𝑎 , 𝑉, 휇)

Energy efficient yaw rate reference map calculation
𝛿 𝑎 , 𝑎 , 𝑉, 휇 → a 𝑎 , 𝛿, 𝑉, 휇

휓̇ , 𝛿, 𝑎 , 𝑉, 휇 = a /V

𝛿 𝑎 , 𝑎 , 𝑉, 휇

휓̇ , 𝛿, 𝑎 , 𝑉, 휇

Figure 5.5: Procedure to obtain the energy-efficient yaw rate

Figure 5.5 summarizes the proposed procedure. First, a set of batch simulations
are carried out to define the energy-efficient understeer characteristic of the studied
vehicle. In these simulations, different yaw moments Mz , vehicle speeds V , longitudi-
nal accelerations ax and different road conditions µ are considered, and the understeer
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characteristic that minimizes the overall power consumption P is calculated. Note
that the front-to-total torque distribution defined in Section 5.3.1 is used in these
simulations. In a second step, the energy-efficient steering angle reference map is
calculated. Finally, the data from the previous stage is manipulated to obtain the
energy efficient yaw rate map.

Next, these steps are analyzed.

1. Energy-efficient reference understeer characteristic: The goal of this first
step is to determine the most energy-efficient understeer characteristic. To this
purpose, a set of batch simulations are carried out considering the vehicle and
powertrain models (as defined in Chapter 3.2), and the front-to-total torque
distribution map defined in Section 5.3.1.

In order to explore the full range of achievable understeer characteristics, the
simulations consider a set of ramp steer maneuvers with slow steering input
ramps at different constant speeds V , constant yaw moments Mz and different
road conditions µ. Also, to study the cornering response with constant, non-
zero longitudinal acceleration, ax , at a given speed, the tests have been carried
with a constant longitudinal force applied at the EV’s center of gravity.

Once the full range of understeer characteristics are evaluated, the power con-
sumption P of each case is calculated and represented for a given lateral ac-
celeration ay , in order to determine the most energy-efficient understeer char-
acteristic, which considers also the energy-efficient front-to-total distribution
ratio Tr,j for each vehicle side. This allows to generate a four dimensional map
that represents the energy-efficient reference understeer characteristic,

�dyn,ref = �dyn,ref (ay , ax , V, µ) (5.10)

2. Energy efficient steering angle reference calculation: If the steering angle
�ref is considered, the energy-efficient reference understeer characteristic map
can be expressed as,

�ref (ay , ax , V, µ) = �dyn,ref (ay , ax , V, µ) +
Lay

V 2
(5.11)

where L is the distance between axles or wheelbase.

3. Energy efficient reference yaw rates: Through manipulation of
�ref (ay , ax , V, µ) and considering Eq. 5.12

 ̇ref (�ref , ax , V, µ) =
ay (�ref , ax , V, µ)

V
(5.12)

the energy-efficient yaw rate maps can be obtained in terms of the steering
angle and the vehicle and road parameters. These maps can be implemented
using a look-up table as in Figure 5.6.

 ̇ref =  ̇ref (�, ax , V, µ) (5.13)
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Figure 5.6: Energy-efficient Yaw Rate LUT

5.3.3 Nonlinear MPC

The goal of the Nonlinear MPC (NMPC) is to generate the definitive torque com-
mands of all wheels ⌧i j considering both the dynamic behaviour of the vehicle and the
energy required to provide the expected enhancement.

As detailed in Section 5.2, MPC controllers require the definition of the model
of the system to be controlled. Moreover, as the proposed NMPC includes energy
terms, the power losses of the vehicle need to be modelled so that they can be
optimized. Both the vehicle model and the power losses model will be included in the
optimization problem, with the proper cost function weights and constraints, in order
to calculate the control law. Next, the definition of each model will be detailed, so
that the NMPC-based control law can be derived finally.

5.3.3.1 Internal model formulation

As analyzed in Section 5.2, when a nonlinear MPC is considered, its internal model,
which will be used to represent the nonlinear dynamics of the vehicle, can be expressed
as follows in continuous time [163],

x(t) = f(x(t),u(t)) (5.14)

where the following state vector x(t) has been defined for the required TV approach,

x(t) =
#
V (t) �(t)  ̇(t) !FL(t) !FR(t) !RL(t) !RR(t)

$T (5.15)

and the control action u(t) corresponds to the desired wheel torque distribution,

u(t) = [⌧FL(t) ⌧FR(t) ⌧RL(t) ⌧RR(t)]
T (5.16)

The choice of the internal model f depends on the particular choice of balance
between accuracy and computational cost. A more complex model will require more
parameters to be identified and a higher computational cost, while a simpler one
will simplify the implementation, but could have an impact on the TV approach
performance. In this work, an analytical 7 degrees of freedom vehicle model has been

108 Energy-efficient NMPC Torque Vectoring



5.3. Energy Efficient NMPC Torque Vectoring Approach

selected as a compromise between computational cost and accuracy, following recent
NMPC implementations in the field of TV [73]. A simplified schematic of the model
used, as well as the angle conventions, can be seen in Figure 5.7.

Figure 5.7: Internal Vehicle model Schematic

Hence, the following force and moment balance equations are used. The longitu-
dinal dynamics is represented by,

V̇ = [Fx,FL + Fx,FR] cos (� � �)� [Fy,FL + Fy,FR] sin (� � �)
+ [Fx,RL + Fx,RR] cos� + [Fy,RL + Fy,RR] sin�

(5.17)

where V is the vehicle speed, � is the steering angle, � is the sideslip angle, and Fx,i j
and Fy,i j are the longitudinal and lateral tyre forces, respectively.

If the sideslip angle dynamics is considered,

�̇ =
1

mV
{[Fx,FL + Fx,FR] sin (� � �) + [Fy,FL + Fy,FL] cos (� � �)

� [Fx,RL + Fx,RR] sin� + [Fy,RL + Fy,RR] cos�}�  ̇
(5.18)

where m is the mass of the vehicle and  ̇ the yaw rate of the vehicle. Regarding the
time evolution of this latter variable, the following expression is followed,
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 ̈ =
1

Iz
[Fx,FL + Fx,FR] cos(� � �) + [Fy,FL + Fy,FR] cos �} lF

� [Fx,RL + Fx,RR] lR + [Fx,FR cos � � Fy,FR sin � + Fx,RR]
tw

2

� [Fx,FL cos � � Fy,FL sin � + Fx,RL]
tw

2

(5.19)

where Iz is the inertia term in z axis, lF and lR are the distances of the front and rear
axles to the center of gravity of the vehicle, and tw is the width of the vehicle.

Finally, the dynamics of each wheel is defined as follows,

I!!̇i j = ⌧i j � Fx,i jR! (5.20)

where I! is the rotational inertia of the wheel, !i j its angular speed, ⌧i j the applied
wheel torque and R! the wheel radius. Note that tyre rolling resistance is neglected,
as is not affected at the overall EV level by the wheel torque distribution [164].

Eqs. 5.17-5.20 define the internal dynamic model of the vehicle that will be imple-
mented in the NMPC. However, in order to fully define these equations, longitudinal
and lateral tyre forces have to be defined. These are calculated in terms of the vertical
tyre load Fz,i j considering the load friction coefficients µx,i j and µy,i j ,

Fx,i j = µx,i jFz,i j

Fy,i j = µy,i jFz,i j
(5.21)

Calculation of µx,i j and µy,i j : In order to determine the resultant tyre force coeffi-
cients µx,i j and µy,i j , the total friction coefficient µi j and the longitudinal and lateral
slip coefficients sx,i j and sy,i j are required,

µx,i j = � sx,i jsi j µi j
µy,i j = � sy,i jsi j µi j

(5.22)

where si j is the total slip, which is calculated from the composition of the longitudinal
and lateral slip components,

si j =

Ò
s2x,i j + s

2
y,i j (5.23)

On the other hand, the longitudinal and lateral slip components, sx,i j and sy,i j are
defined as,

sx,i j =
Vslip,x,i j
!i jRw

sy,i j =
Vslip,y ,i j
!i jRw

(5.24)

where !i j is the angular speed of each wheel; Rw is the tyre rolling radius; and Vsl ip,x,i j
and Vsl ip,y ,i j are the tyre longitudinal and lateral slip speeds, defined as,

Vsl ip,x,i j = !i j Rw � Vx,i j
Vsl ip,y ,i j = �Vy,i j tan↵i j

(5.25)
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with Vx,i j and Vy,i j being the longitudinal and lateral component of the linear wheel
speed in the tyre reference system, and ↵i j is the tyre slip angle, which are calculated
by the use of simplified linearized expressions,

↵FL ⇡ ↵FR ⇡ � � � �
 ̇lF

V

↵RL ⇡ ↵RR ⇡ �� �
 ̇lR

V

(5.26)

Finally, µi j is calculated using a simplified version of the Pacejka magic formula,

µi j (si j) = MF (si j) = D sin (C atan (Bsi j)) (5.27)

where MF indicates the magic formula; B, C and D are constant magic formula
coefficients [3], calculated to match the actual tyre characteristics.

Calculation of Fz,i j : The vertical tyre forces Fz,i j are calculated as the sum of the
static load, F 0z,i j , longitudinal load transfer, �F xz , and lateral load transfer, �F yz,i ,

Fz,FL = F
0
z,FL � �F xz � �F

y
z,F

Fz,FR = F
0
z,FR � �F xz + �F

y
z,F

Fz,LR = F
0
z,LR + �F

x
z � �F

y
z,R

Fz,RR = F
0
z,RR + �F

x
z + �F

y
z,R

(5.28)

where the static loads F 0z,i j depend on the mass distribution of the vehicle (see Figure
5.7),

F
0
z,FL = F

0
z,FR =

1
2mg

lR
lF+lR

F
0
z,RL = F

0
z,RR =

1
2mg

lF
lF+lR

(5.29)

The longitudinal load transfer �F xz [156] is defined as,

�F
x
z =

1

2

m h ax

lF + lR
(5.30)

where h is the height of the center of gravity, and ax is the longitudinal acceleration
in the vehicle CG reference system.

On the other hand, the front F yz,F and rear F yz,R lateral load transfers are given
by,

Y
]

[
�F

y
z,F =

m ay
tw

Ë
hRC lR
lF+lR

+ �hRoll

È

�F
y
z,R =

m ay
tw

Ó
hRC lF
lF+lR

+ [1� �] hRoll
Ô (5.31)

where hRC is the roll center height; hRoll is the distance between the center of gravity
and the roll axis; tw is the track width; and � is the front-to-total suspension roll
stiffness distribution.
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5.3.3.2 Powertrain and tyre slip power losses model

In EVs, the two main sources of power losses come from the powertrain (due to both
electrical and mechanical losses) and the tyres (due to the slip phenomenon).

To determine the power losses of the powertrain associated to each wheel PLoss,PWT,i j ,
the powertrain efficiency map (typically given by the motor manufacturer, or obtained
experimentally) is required ⌘ (⌧j i ,!i j), which is a function of the torque and speed.

This way, if ⌧i j is the torque demand of the i j powertrain (i = F,R to indicate
the front or rear axles, and j = L,R to indicate the left or right sides) and !i j is the
angular speed of the associated wheel, the associated power loss can be calculated
as,

PLoss,PWT,i j =

Y
_]

_[

⌧i j!i j

Ë
1

⌘(⌧i j ,!i j )
� 1

È
, ⌧i j > 0

⌧i j!i j [⌘ (⌧i j ,!i j)� 1] , ⌧i j < 0

PLoss,PWT,i j,res (!i j) , ⌧i j = 0

Z
_̂

_\
(5.32)

where PLoss,PWT,res,i j is the power loss of the i j powertrain when this is switched off,
caused by the cogging loss and mechanical loss contributions.

At the vehicle level, the total powertrain power loss, PLoss,PWT , is given by the
contribution of all powertrain losses,

PLoss,PWT =

ÿ

i=F,R
j=R,L

PLoss,PWT,i j (5.33)

Note that the aforementioned expression depends on the particular efficiency maps
⌘ (⌧j i ,!i j), which usually are defined as look-up tables or curves, with no analytical
expression. As the use of an analytical and preferably continuous model is required for
NMPC implementation, an approximation using high order polynomials is proposed
to implement these power losses term.

On the other hand, the tyre slip power losses can be divided into the contribution
associated to the longitudinal slip PLoss,tyre,Long and the lateral one PLoss,tyre,Lat [65].
In both cases, these power losses are modelled in terms of the tyre forces and the
components of the slip speed Vsl ip,i j ,

PLoss,tyre,Long =

ÿ

i=F,R
j=R,L

Fx,i jVsl ip,x,i j (5.34)

PLoss,tyre,Lat =

ÿ

i=F,R
j=R,L

Fy,i jVsl ip,y ,i j (5.35)

where Fx,i j and Fy,i j are the longitudinal and lateral tyre forces, defined in Eq. 5.21;
and Vsl ip,x,i j and Vsl ip,y ,i j are the longitudinal and lateral slip speeds of each tyre, which
have been defined in Eq. 5.25
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5.3.3.3 Optimal Control Problem Formulation

Once the internal model of the vehicle and the power losses have been characterized,
it is possible to define the NMPC control law for the energy-efficient Torque Vectoring
approach.

As stated in Section 5.2, the NMPC approach is defined in discrete time. Hence,
if a Ts discretization time is defined, in a time step t, and considering a prediction
horizon of N steps (thus, Hp = N Ts), the NMPC control law has the form,

min
u+

N�1ÿ

k=0

`(x(k),u(k))

s.t.
x(0) = x(t)

x(k + 1) = fd(x(k),u(k))
x(k) 2 X
u(k) 2 U

k = 0, . . . , N � 1

(5.36)

In the particular TV implementation proposed, the state x(k) and the control
action x(k) are defined to fit the internal model definition (Section 5.3.3.1),

x(k) =
#
V (k) �(k)  ̇(k) !FL(k) !FR(k) !RL(k) !RR(k)

$T

u(k) = [⌧FL(k) ⌧FR(k) ⌧RL(k) ⌧RR(k)]
T (5.37)

This way, x(0) represents the initial state value, which corresponds to the current
values of the state variables in t, which are measured or estimated. By means of this
value and the internal vehicle model x(k + 1) = fd(x(k),u(k)) future states and its
corresponding control actions can be calculated. Note that the model fd is discrete.
Hence, as the internal vehicle model defined in Section 5.3.3.1 is continuous, an
integration procedure will be required to discretize it, as it will be detailed in the
Simulation Setup section (Section 5.4.1) .

The calculation of the optimum control action sequence u+ = [u(0); . . . ; u(k +
N � 1)T ] for the proposed TV approach is carried out by minimizing the following
cost function `,

` (x (k) , u (k)) = Wu,Fx{Fx,ref � [Fx,FL + Fx,FR + Fx,RL + Fx,RR]}
2

+Wu, ̇

#
 ̇ref �  ̇

$2
+Wu,↵R↵

2
R +Wu,PWTPLoss,PWT

2

+Wu,tyre [PLoss,tyre,Lg + PLoss,tyre,Lat ]
2

+Wu,LD

5
⌧RL

⌧FL + ⌧RL
� Tr,ref ,L

62

+Wu,LD

5
⌧RR

⌧FR + ⌧RR
� Tr,ref ,R

62

(5.38)
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where Fx,ref is the total force demanded by the driver; ↵R is the rear axle slip angle;
and PLoss,PWT , PLoss,tyre,Long and PLoss,tyre,Lat are the powertrain, and longitudinal
and lateral tyre slip power losses, as defined in Section 5.3.3.2.

The stage cost function defined in Eq. 5.38 is designed to minimize several terms
in the optimization procedure:

• A reference tracking term to ensure that the total force demand is as close as
possible to the demanded one by the driver (Fx,ref ).

• A reference tracking term to ensure that the predicted yaw rate is as close as
possible to the energy-efficient yaw rate reference  ̇ref defined in Section 5.3.2.

• A term (↵R) to minimize the rear axle slip angles, and then, improve the stability
of the vehicle.

• A term PLoss,PWT to minimize the powertrain power losses calculated using Eq.
5.45.

• Two terms PLoss,tyre,Long and PLoss,tyre,Lat to minimize the longitudinal and
lateral tyre slip power losses, calculated using Eq. 5.34 and 5.35, respectively.

• Two terms Tr,ref ,j , one per vehicle side, to track the optimal front to total
torque distribution (See Section 5.3.1). Moreover, in order to provide this
optimal torque distribution in a continuous form, it is defined as following [162]:

Tr,ref ,j = ⇠1 + 0.5 (⇠2 � ⇠3) {1 + tanh [⇠4 (⌧j � ⇠5)]} (5.39)

Each of the terms of the cost function ` has an associated weight terms, which can
be used to tune the NMPC controller. This way the weigth terms Wu,Fx ,Wu, ̇,Wu,↵R
Wu,PWT ,Wu,tyre andWu,LD are associated respectively to the longitudinal force track-
ing, reference yaw rate tracking, rear axle slip angle reduction, powertrain power loss
reduction, tyre slip power loss reduction, and front-to-total torque distribution track-
ing within each EV side.

All these weights are calculated by considering a weighting coefficient (i.e. ru,Fx ,
ru, ̇, ru,↵R , ru,PWT , ru,tyre and ru,LD) and a scaling factor coefficient (i.e. Usc,Fx ,
Usc, ̇, Usc,↵R , Usc,PWT , Usc,tyre and Usc,LD). This way, in order to allow equivalent
influence of the weights, these are normalized, e.g.

Wu,Fx =
ru,Fx

Usc,Fx
2 (5.40)

Finally, one of the main advantages of the NMPC approaches is the possibility to
include constraints in the control law, which ensure proper operation of the controller.
These are represented typically by bounded-box (max/min) constraints, represented
by the linear constrained sets X and U . This way, the following constraints have been
considered in the proposed controller,
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• Individual wheel slip ratio constraints, i.e., |sx,i j |  sx,max,i j , where sx,max,i j is
the maximum allowed value of longitudinal slip. This constraint is crucial to
provide traction control system (TCS) functionality and avoid wheels slipping.

• Individual wheel torque constraints, i.e., |⌧i j |  ⌧max,i j , where ⌧max,i j is the
maximum powertrain torque at V0. This constraint is necessary to calculate the
torque control actions accordingly to the actual powertrain and its operation
point.

• Yaw rate constraint fixed for the whole prediction horizon, based on the tyre-
road friction coefficient µ,  ̇  µg

Vin
. This constraint is used to limit the yaw

rate accordingly to the friction conditions. This way, possible stability losses
can be avoided.

• Sideslip angle constraint, i.e., �  �max . This constraint is used to avoid
excessive understeering or oversteering situations.

Considering the aforementioned terms, and solving Eq. 5.36, the optimal control
sequence u+ calculated in t for the whole horizon N,

u+ = [u(0) u(1) ... u(N � 1)]T (5.41)

where only the value related to t, u(0) is applied to the vehicle.

5.3.3.4 Adaptive Weighting Approach

The tuning of the NMPC cost function weights influences the controller behaviour.
As the NMPC formulation includes two main aspects in `, i.e., yaw rate tracking
and power loss reduction, a fuzzy logic weight adaptation algorithm was developed
to prioritize energy efficiency during normal driving, and yaw rate tracking as well
as rear axle sideslip angle limitation in critical conditions. Therefore, adaptation
between three configurations are proposed: Energy Oriented, Yaw Rate Tracking,
and Balanced energy/tracking.

In this implementation, large values of
--e ̇

-- and |�| are considered as indicators of
undesirable EV behavior. A distribution of three membership functions was chosen
for both inputs,

--e ̇
-- and |�|, and for the output coefficient. Trapezoidal functions

were selected for the boundaries of each variable, while the middle one is triangular.
This configuration is computationally efficient while maintaining acceptable response
smoothness [158]. The corresponding rules, see Table 5.1, have been implemented
based on the authors’ experience with the system. The effects of this weight adap-
tation algorithm will be showed in Section 5.4.3.

5.4 Validation

In this section, the proposed energy-efficient NMPC approach presented is validated
through different manoeuvres and compared with other approaches. Section 5.4.1
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Table 5.1: Adaptive fuzzy logic system rules

EO= Energy Oriented
YR=Yaw Rate Tracking
BW=Balanced Weights

--e ̇
--

Low Medium High

|�|
Low EO BW YR

Medium EO BW YR
High EO YR YR

Figure 5.8: Fuzzy logic weight adaptation system membership functions.

presents the used Simulation Setup, detailing the case study EV and the used hard-
ware platform for the HiL setup. Section 5.4.2 details the implementation procedure
followed for the proposed approach. Section 5.4.3 studies the effect of the adaptive
weighting approach proposed. Finally, Section 5.4.4 presents the obtained results for
the different manoeuvres.

5.4.1 Simulation Setup

The overall structure of the implemented setup is detailed in Figure 5.9, where a
Hardware-in-the-loop validation approach has been implemented using the Vehicle
Dynamics Simulation Framework defined in Chapter 3.

In this case, the developed Energy-Efficient NMPC controller has been imple-
mented in a dSPACE MicroAutobox II embedded hardware. This device communi-
cates using CAN with a laptop computer (2.8 Ghz and 16 GB RAM) that runs the
simulated study-case EV, a four-wheel-drive variant of a lightweight EV being de-
veloped within the European Horizon 2020 STEVE project [22] (Figure 5.10, whose
main parameters are summarised in Table 5.2.

The dynamic model of this vehicle has been implemented using the formulation
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Steering Angle
Wheel Torques

Commands
Vehicle 

Dynamics

Steering
Acc. Pedal

Brake Pedal

Control 
Algorithms 

Outputs

Road /Scenario

Figure 5.9: Structure of the proposed framework

Table 5.2: Vehicle Main Characteristics

Symbol Description and unit Value
M Vehicle mass (kg) 649
R Wheel radius (m) 0.2625
h Center of gravity (CoG) height (m) 0.4
tw Track width 1.33
lF Distance from front axle to CoG (m) 0.99
lR Distance from rear axle to CoG (m) 0.825
L Wheelbase (m) 1.815
Ix Roll mass moment of inertia (kg m2) 200
Iy Pitch moment of inertia (kg m2) 300
Iz Yaw moment of inertia (kg m2) 400

defined in Chapter 3. A powertrain model has also been implemented, using the
parameters provided by the manufacturer (Elaphe Propulsion Technologies Ltd.).

Alberto Parra Delgado 117



5. Energy-efficient NMPC Torque Vectoring

Figure 5.10: Lightweight EV being developed within the European Horizon 2020
STEVE project

The experimentally measured powertrain efficiency map of the vehicle is depicted in
Figure 5.11.

Figure 5.11: Experimentally measured powertrain efficiency map
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5.4.2 Energy Efficient NMPC TV Implementation

In this section the implementation of the energy efficient NNMPC TV approach
defined in Section 5.3 to the Study Case vehicle defined in the previous section will
be detailed. In particular, the procedure required to define the Energy efficient front-
to-total torque distribution, the generation of the energy-efficient yaw rate references
and the tuning and parametrization of the Nonlinear MPC controller will be detailed.

5.4.2.1 Energy Efficient Front-to-Total Torque Distribution Look-up Table

As seen in Figure 5.3, a front-to-total torque distribution map Tr,j = Tr,j(⌧j , V/R!)
is required for both the calculation of the energy-efficient yaw rate, and the Cost
Function of the NMPC. In this section, the procedure defined in Section 5.3.1 is
applied to the study case EV to obtain the energy-efficient front-to-total distribution
map.

Considering the full range of speed and torque associated to the vehicle’s power-
train (see Figure 5.11), the energy-efficient front-to-total distribution map detailed
in Figure 5.12 is obtained. Note that this map is the same for the left side and for
the right side of the vehicle, as both sides have the same powertrains

This way, for a given speed, low torque demand values (< 100 ⇠ 150Nm) on a
particular (left or right) EV side imply that only the rear powertrain is active , while
at medium-to-high side torque demands Tr,opt,j is 0.5, indicating an even torque dis-
tribution among the powertrains within the same EV side is the most efficient distri-
bution. The transition between the two conditions occurs progressively, at different
torque/speed values. Note that the results are consistent with the ones provided
in [162].

Figure 5.12: Energy-efficient front-to-total wheel torque distribution ratio as a func-
tion of vehicle-side torque and speed

Alberto Parra Delgado 119



5. Energy-efficient NMPC Torque Vectoring

The aforementioned map Tr,j = Tr,j(⌧j , V/R!) for each side of the vehicle can be
implemented as a Look-up Table for an efficient computation. However, as the NMPC
TV needs a continuous implementation, Equation 5.39 is used for its implementation
in the proposed controller.

5.4.2.2 Energy Efficient Yaw Rate Reference Look-Up Table

The yaw-rate reference has an important impact in the energy consumption of the
vehicle. Thus, the procedure defined in Section 5.3.2 is applied to obtain the optimum
yaw rate, this is, the one that provides the less energy consumption.

Energy Efficient understeer characteristic maps calculation and analysis: The
aforementioned procedure requires to perform a wide set of simulations using the
vehicle and powertrain models of the Study-Case EV. The aim of these simulations
is to obtain the energy efficient understeer characteristic maps.

In order to explore the full range of achievable understeer characteristics associated
to the study case EV, a set of simulated ramp steer maneuvers with slow steering input
ramps at constant speed were repeated with different constant direct yaw moment
values ranging from -900 Nm to +900 Nm in steps of 100 Nm. In addition, different
vehicle speeds, emulated longitudinal accelerations, and tyre-road friction coefficients
were evaluated. Table 5.3 summarizes the range of the variables considered in the
simulated sets. Finally, note that the front-to-total distribution defined in Figure 5.12
was considered in these simulations.

Table 5.3: Range of the different variables modified in the ramp steer manoeuvre

Mininum value Maximum value
Direct yaw moment Mz -900 Nm 900 Nm
Vehicle speed V 30 km/h 60 km/h
Steering wheel angle � 0° 120°
Friction coefficient µ 0.6 0.9
Longitudinal acceleration ax 0 m/s2 2 m/s2

Figure 5.13 shows the particular energy map associated to the ramp steer ma-
noeuvre at V= 60 km/h and a tyre-road friction coefficient µ = 0.9. In this figure, two
understeer characteristics are shown. The Passive one is associated to a constant,
even torque distribution among all wheels; while the Optimal one is the associated
to the energy- efficient front-to-total distribution ratio within each side, and the op-
timal understeer characteristic which minimizes the power consumption for each ay .
This way, the color scale, obtained by interpolating the ramp steer results, shows the
percentage increment of the powertrain power input, Pin,incr,%, with respect to the
optimal condition at the same ay ,

Pin,incr,% (�dyn, ay ) = 100
Pin (�dyn, ay )� Pin,opt (ay )

Pin,opt (ay )
(5.42)
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Figure 5.13: Example of % variation of the powertrain power input with the understeer
characteristic (V= 60 km/h, µ= 0.9).

where Pin (�dyn, ay ) is the total input power at the dynamic steering angle �dyn and
lateral acceleration ay , while Pin,opt is the minimum input power at the specific ay .

If Figure 5.13 is analysed, it can be seen that the influence of the understeer
characteristic on the EV energy consumption is very important, with peak values
of Pin,incr,% over 50%. In particular, the average difference between the Passive
and Optimal configurations immplies an average energy increment of 6.62% for the
considered ay range. From this, it can be concluded that an energy-efficient TV con-
troller must include an appropriate design of the reference understeer characteristic,
and hence the reference yaw rate. Moreover, an energy-efficient TV control system
should also be able to determine the most appropriate reference yaw rate in transient
conditions, based on quasi-static cornering conditions.

More conclusions can be drawn if the powertrain power lossess are evaluated over
the total power losses PLoss,% (which are defined in Section 5.3.3.2, and use the
efficiency map in Figure 5.11),

PLoss,% (�dyn, ay ) = 100
PLoss,PWT

PLoss,PWT + PLoss,tyre,Lg + PLoss,tyre,Lat
(5.43)

Figure 5.14 shows the values of PLoss,% for the particular case analyzed berfore
( V= 60 km/h and a tyre-road friction coefficient µ = 0.9). As it can be seen,
at low ay , the contribution of the electric powertrains is the most important one,
accounting for up to 75% of the total relevant power. When ay increases the relative
motor power loss contribution progressively reduces, and becomes less than 50% of
the TV-affected total power loss above 5 m/s2. This observation, implies that an
energy-efficient TV controller should consider all power loss sources, as each one
could become predominant depending on the operating condition.
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Figure 5.14: Example of % significance of the powertrain power loss with respect to
the total power loss (powertrain and tyre slip power losses (V= 60 km/h, µ= 0.9).

As previously detailed, the aforementioned analysis was repeated for different ve-
hicle speeds, emulated longitudinal accelerations, and tyre-road friction coefficients
(see Table 5.3) . The results allowed creating a set of energy-efficient reference un-
dersteer characteristics expressed as a four-dimensional map, �dyn,ref (ay , ax , V, µ).

Energy efficient reference yaw rate angles map: Once the energy-efficient ref-
erence understeer characteristics map �dyn,ref (ay , ax , V, µ) is obtained, the energy-
efficient steering angle reference can be calculated adding the kinematic steering angle
(see Eq. 5.44).

�ref (ay , ax , V, µ) = �dyn,ref (ay , ax , V, µ) +
Lay

V 2
(5.44)

Through manipulation of �ref (ay , ax , V, µ), and considering the relationship be-
tween ay and  ̇ (see Eq. 5.12), the nominal reference yaw rate maps are obtained,
in terms of  ̇ref ,nom (�, ax , V, µ) .

Some examples of energy-efficient reference yaw rate profiles as functions of steer-
ing wheel angle, for different values of vehicle speed (V), longitudinal acceleration
(ax), and tyre-road friction coefficient (µ) are shown in Figs. 5.15 to 5.17. While the
dependency on V and µ is evident, the effect of ax is rather limited for the studied
longitudinal acceleration values corresponding to normal driving conditions. With ap-
propriate first-order filtering to achieve the desired reference dynamics, the nominal
reference yaw rate characteristics can be used to calculate the reference yaw rate,
 ̇ref .
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Figure 5.15: Examples of nominal energy-efficient reference yaw rate profiles as func-
tion of steering wheel angle, for different values of vehicle speed.
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Figure 5.16: Examples of nominal energy-efficient reference yaw rate profiles as func-
tions of steering wheel angle, for different values of tyre-road friction coefficient.

5.4.2.3 Nonlinear MPC implementation

The developed NMPC TV has been set up through the ACADO toolkit [161], which
allows to easily introduce the internal model, the cost function and the constraint
sets.

The internal model is defined using the set of equations defined in Section 5.3.3.1,
particularized for the study case EV parameters. Similarly, the procedure detailed in
Section 5.3.3.2 is used to define the power losses. Note that the powertrain losses de-
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Figure 5.17: Examples of nominal energy-efficient reference yaw rate profiles as func-
tion of steering wheel angle, for different longitudinal accelerations

pend on the powertrain efficiency map (Figure 5.11) and the particular torque/speed
combination (Eq. 5.32). In order to implement these losses in the NMPC formulation
Cost Function (Eq. 5.38), a polinomial approximation is used,

Ploss,PWT =

ÿ

i=F,R
j=R,L

p00 + p10⌧i j + p01!i j + p20⌧
2
i j + p11⌧i j!i j

+ p02!i j + p30⌧
3
i j + p21⌧

2
i j!i j + p12⌧i j!

2
i j

+ p03!
3
i j + p40⌧

4
i j + p31⌧

3
i j!i j + p22⌧

2
i j!
2
i j

+ p13⌧i j!
3
i j + p04!

4
i j + p50⌧

5
i j + p41⌧

4
i j!i j

+ p32⌧
3
i j!
2
i j + p23⌧

2
i j!
3
i j + p14⌧i j!

4
i j + p05!

5
i j

(5.45)

where the pi j parameters are summarized in Table 5.4.

Table 5.4: Powertrain losses polynomial approximation parameters

Name Value Name Value Name Value
p00 -70.9 p21 0.001553 p04 -3.53e-09
p10 36.23 p12 0.0009236 p50 3.62e-07
p01 2.172 p03 6.30e-05 p41 7.16e-09
p20 -1.388 p40 -0.000156 p32 3.66e-08
p11 -0.1039 p31 -7.75e-06 p23 1.93e-09
p02 0.0303 p22 -1.03e-05 p14 3.65e-10
p30 0.02298 p13 -5.75e-07 p05 -4.59e-11

Figure 5.18 show the results for the powertrain power losses polynomial approx-
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imation for the study case EV, which in this particular case provide a RMS error of
75W compared with the results provided by Eq. 5.32.

Figure 5.18: Experimental power loss characteristic of the case study individual in-
wheel powertrain as a function of torque and speed (the dots indicate the measure-
ment points), and its approximation adopted within the NMPC formulation.

In addition, the following constraints were considered,

• Individual wheel slip ratio constraints, i.e., |sx,i j |  sx,max,i j , where sx,max,i j is
the maximum allowed value of longitudinal slip, set to 0.15 for the simulations
of this study.

• Individual wheel torque constraints, i.e., |⌧i j |  ⌧max,i j , where ⌧max,i j is the
maximum powertrain torque at the current time step. For that, considering the
current vehicle speed V0, zero slip conditions (!i jRw = V0), and the maximum
power of each powertrain Pmax,i j (15kW), the maximum torque is calculated as
⌧max,i j = Pmax,i j/!i j .

• Yaw rate constraint fixed for the whole prediction horizon, based on the tyre-
road friction coefficient µ,  ̇  µg

V0
.

• Sideslip angle constraint, i.e., �  �max , set to 5 deg.

The control law in Eq. 5.36 was implemented in ACADO by using the multiple
shooting discretization method and fourth order Runge Kutta integrator. The re-
sulting C code was implemented in real time on a dSPACE MicroAutoBox II unit, as
previously defined.

A sensitivity analysis was carried out to investigate the effect of the NMPC pre-
diction horizon, HP , and internal model discretization time, TS, and identify the best
compromise between controller performance and computational effort. HP ranged
from 250 ms to 750 ms, while TS ranged from 10 ms to 30 ms. The implementation
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step of the controller, �T , i.e., the time step at which the controller updates its
outputs, was set to be larger, with appropriate and consistent margin, than the max-
imum execution time on the available control hardware, and therefore was different
for each set of HP and TS.

Figure 5.19: Effect of HP and TS on the average execution time on a dSPACE
MicroAutoBox II device, RMS of the yaw rate error, and peak value of sideslip angle,
during an obstacle avoidance from an initial speed of 56 km/h.

Figure 5.19 reports the average NMPC execution time as a function of the RMS
value of the yaw rate error, e ̇, and the peak value of �, for a double lane change from
an initial speed of 56 km/h and with µ = 0.9. In all configurations, � is below the
critical threshold of 5 deg, set as a constraint for high tyre-road friction conditions,
and therefore the controller performance should be evaluated in terms of yaw rate
tracking. As HP = 500 ms and TS = 20 ms represent a good compromise between
performance and computational effort, with a maximum recorded execution time of
10.81 ms, this controller set up, indicated by the dashed circles in Figure 5.19, was
selected for this simulation setup, with �T = 20 ms.

5.4.3 Analysis of Cost Function Weight Adaptation Approach

Prior to analyzing the performance of the developed Energy Efficient TV approach,
a brief analysis of the effect of the proposed Adaptive Weighting approach is carried
out.

For this purpose, a Double Lane Change manoeuvre with an initial speed chal-
lenging enough (56km/h in this particular case) to show the difference between the
following four different cost function weight configurations will be simulated,
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1. yaw rate tracking oriented weights, which prioritize vehicle dynamics perfor-
mance and safety.

2. energy efficiency oriented weights, which prioritize energy saving

3. balanced weights between energy efficiency and vehicle dynamics

4. the proposed Adaptive Weighting Approach (Section 5.3.3.4), which combines
all the aforementioned ones.

Table 5.5 summarizes the weights for the first three approaches.

Table 5.5: Cost function weights for the different configurations

Energy Oriented Yaw Rate Tracking Balanced Weights
ru,Fx 2.5 2.5 2.5
ru, ̇ 1 5 3
ru,↵ 1.5 1.5 1.5
ru,PWT 5 1 2.5
ru,tyre 5 1 2.5
ru,LD 2.5 2.5 2.5

Figure 5.20 shows the resulting EV trajectories for dry road (µ = 0.9). The adap-
tation mechanism provides an EV response that is very similar to the first weight con-
figuration, focused on vehicle dynamics. Moreover, Table 5.6 reports the maximum
speed - the critical speed, Vcr - at which each configuration successfully completes
the test, i.e., without hitting a cone. In this case, the NMPC with the adaptation
mechanism provides the same performance as the vehicle dynamics oriented weight
configurations, corresponding to 5 km/h and 3 km/h higher initial speeds than for
the energy-efficiency and balanced weight configurations.
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Figure 5.20: Double lane change trajectories (initial speed of 56 km/h) associated
with different tunings of the NMPC cost function weights (µ = 0.9).
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Table 5.6: Effect of cost function weights on critical speed for double lane change

NMPC Yaw
Rate

Oriented
Weights

NMPC
Energy

Efficiency
Oriented
Weights

NMPC
Balanced
Weights

NMPC Fuzzy
Logic

Adaptive
weights

Critical speed 61 km/h 56 km/h 58 km/h 61 km/h

5.4.4 Validation of the proposed Energy Efficient TV approach

In this section the proposed TV approach is evaluated using a set of benchmarking
TV controllers in order to determine the dynamics performance and efficiency of each
approach. The benchmarking controllers include a passive approach, the Fuzzy Yaw
Moment Controller developed in Chapter 4 and a set of NMPC controllers based on
the formulation proposed in this chapter. In the latter case, the aim is to analyze
the effect of each term in the cost function to the overall performance of the TV
controller. The complete list of appoaches is detailed next, m

• Passive, evenly distributing the torque among the wheels.

• Passive + LUT, providing the same total wheel torque on the two EV sides,
i.e., zero direct yaw moment, while the front-to-total torque distribution within
each side is carried out according to Figure 5.12.

• Fuzzy + LUT, providing a direct yaw moment generated by the benchmarking
controller in Chapter 4, while the front-to-total torque distribution within each
side is carried out according to Figure 5.12.

• NMPC Yaw Rate, i.e., the proposed NMPC TV approach only considering the
yaw rate tracking and rear sideslip terms in the cost function, while Wu,PWT =
Wu,tyre = Wu,LD = 0.

• NMPC PWT Losses, which, on top of the NMPC Yaw Rate features, considers
the powertrain power loss term in the cost function, whileWu,tyre = Wu,LD = 0.

• NMPC tyre Losses, i.e., the proposed NMPC TV approach that considers the
yaw rate tracking, rear sideslip and tyre slip power loss terms in the cost func-
tion, while Wu,PWT = Wu,LD = 0.

• NMPC Complete, i.e., the proposed NMPC TV approach that considers yaw
rate tracking, rear sideslip, powertrain losses and tyre slip power losses, with-
out using the cost function terms related to the front-to-total wheel torque
distribution within each side, i.e., Wu,LD = 0.

• NMPC Complete WCA, i.e., the proposed NMPC TV approach using all cost
function terms, with constant values of the weights.
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• NMPC Complete WCA Adaptive, i.e., the proposed NMPC TV approach using
all cost function terms, and also including the fuzzy adaptation mechanism of
the cost function weights.

It has to be noted that the Balanced Weights values (see Section 5.4.3) has been
taken as reference for the aforementioned NMPC configurations, with except for the
NMPC Complete WCA Adaptive approach, which is the proposed approach in this
Chapter.

These controllers will be compared in a set of manoeuvres and standarized tests:
Skid-Pad; Double Lane Change; WLTP, NEDC and ARTEMIS road cycles; and circuit
laps. Results are detailed next.

5.4.4.1 SkidPad test

50 m radius skid pad simulations for µ = 0.9 and 0.7 (wet and dry conditions) were
run to assess the relative importance of: a) the reference yaw rate characteristic; and
b) the wheel torque control allocation, in the energy efficiency. Additionally, some
tests with incorrect friction conditions information in the yaw rate reference have been
carried out in order to evaluate the ability of the proposed NMPC TV to compensate
this issue.

The tests were carried out for different constant speeds, each corresponding to a
lateral acceleration ay . The power consumption related to the performance of five of
the aforementioned controllers was calculated: Passive, Passive + LUT, NMPC Yaw
Rate, Fuzzy + LUT and NMMPC Complete WCA Adaptive.
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Figure 5.21: Percentage power input variation for a selection of configurations, with
respect to the Passive configuration, for µ = 0.9.

The relative power input reduction with respect (w.r.t) to the Passive TV approach
is shown in Figures 5.21 and 5.22 for both selected µ. As it can be seen, all controllers
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Figure 5.22: Percentage power input variation for a selection of configurations, with
respect to the Passive configuration, for µ = 0.7.

using the energy-efficient reference yaw rate maps show similar benefits, with power
input reductions ranging from 5.0% to 6.8% with respect to the Passive configuration.
The control allocation layer of the Passive + LUT configuration can reduce the energy
consumption only up to 3.6%, with an average saving of 1.8%, and its effect is more
significant at low ay values, corresponding to low speeds. In these conditions the
electric powertrains operate in their least efficient region, therefore, the LUT based
control allocation algorithm deactivates one of the axles according to the map in
Figure 5.12, and the torque demand is only provided by the rear axle, which thus
operates in a more efficient region. The considerable consumption difference between
the Passive + LUT and all the other controlled configurations can be associated to
the effect of the energy-efficient yaw rate reference.

In sum, the results show that during steady-state cornering i) the control allocation
aspects of the TV controller, which are the focus of the majority of the existing
literature, are less important than the reference yaw rate characteristics; and ii) a
TV controller capable of tracking the appropriate energy-efficient reference yaw rate
provides rather similar energy consumption results.

However, a sophisticated TV algorithm can still provide energy efficiency benefits
in specific quasi-steady-state cornering conditions. In fact, as discussed in Section
5.3.2, the optimal yaw rate reference depends on µ, and thus the friction coefficient
estimation is crucial to the correct operation of the algorithm. However, in practice,
accurate µ estimation when the EV operates below its friction limits is rather difficult
to accomplish. Therefore, a second set of skidpad tests at µ = 0.7 was simulated
at a constant ax of 1 m/s2, with incorrect (µ = 0.9) and correct (µ = 0.7) friction
information provided to the TV controller, to evaluate its ability to compensate for
incorrect  ̇ref profiles.
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Figure 5.23: Skidpad trajectories for a selection of controllers, with ax = 1 m/s2 and
µ = 0.7. The solid boxes indicate the motion of the cars. Left: full maneuver; right:
zoom of trajectories towards end of maneuver.
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Figure 5.24: Percentage power input variation for a selection of controller configura-
tions with respect to the Passive configuration, during skidpad test with ax = 1 m/s2

and µ = 0.7.

Results are shown in Figures 5.23 and 5.24, where the dynamic performance and
relative power increase is detailed. As it can be seen, the Fuzzy + LUT configuration
is unstable, while the Passive one is affected by significant understeer, with respect
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to the NMPC TV. Regarding the power consumption, for the cases with the incor-
rect yaw rate reference, the power consumption always greater than for the Passive
vehicle, with up to 6% at around 5 m/s2 for the NMPC Yaw Rate. In contrast, the
configurations with the correct yaw rate reference achieve a power saving of about
6% compared to the Passive case almost across the entire investigated lateral accel-
eration range. Although the NMPC Complete WCA Adaptive configuration receives
the same incorrect  ̇ref , its power consumption is lower, on average by 2%, than
for the other cases with the incorrect  ̇ref . In fact, the complex NMPC cost func-
tion defined in Eq.5.38 accounts and partially compensates for the increased tyre slip
power losses caused by the inappropriate reference understeer characteristic.

These results, effectively demonstrate that the inclusion of the different relevant
power loss contributions in the cost function allows to compensate for inaccuracies,
e.g., related to the estimation of the tyre-road friction coefficient, in the online gen-
eration of the energy-efficient reference yaw rate, thus providing robustness not only
to the energy efficiency enhancement, but also to the dynamic behaviour.

5.4.4.2 Double Lane Change

The Double Lane Change maneouvre, or obstacle avoidance maneouvre, is frequently
used by car makers and suppliers to assess vehicle dynamics control systems. In this
particular case, the aforementioned two road scenarios were considered (dry and wet),
with µ = 0.9 and 0.7. According to the ISO 3888 specification [160], the vehicle
enters the course at a set speed, and the accelerator pedal is released; then the driver,
i.e., the driver model defined in the framework defined in Section 3.2, attempts to
track the reference path without hitting a cone.

In order to evaluate the dynamic handling performance of the analyzed TV con-
trollers, the Double Lane Change test speed is progressively increased up to its critical
value, Vcr , at which the course can no longer be successfully negotiated. Results are
summarized in Table 5.7, where the Vcr values for the Passive vehicle and the con-
trolled configurations are shown. The best performance is provided by the NMPC
Yaw Rate and the NMPC Complete WCA Adaptive, achieving 61 km/h and 45 km/h
with the two friction conditions, respectively, against 54 km/h and 37 km/h of the
Passive vehicle, and 58 km/h and 43 km/h of the NMPC Complete. The Vcr results
confirm the functionality of the fuzzy adaptation mechanism.

Table 5.7: Critical speed achieved during double lane change

Passive
Passive
+ LUT

Fuzzy
+ LUT

NMPC
Yaw
Rate

NMPC
PWT
Losses

NMPC
tyre

Losses

NMPC
Complete

NMPC
Complete

WCA

NMPC
Complete

WCA
Adaptive

µ = 0.9 54 km/h 54 km/h 56 km/h 61 km/h 58 km/h 59 km/h 58 km/h 58 km/h 61 km/h
µ = 0.7 37 km/h 37 km/h 40 km/h 45 km/h 42 km/h 45 km/h 43 km/h 43 km/h 45 km/h

Figures 5.25 and 5.26 show the vehicle sideslip angle, powertrain power losses,
tyre slip power losses and total power losses for four configurations, at µ = 0.9 and
0.7. The inclusion of the tyre slip power loss term in the NMPC cost function reduces
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the sideslip angle, as � is directly related to the tyre slip angles (see Eq.5.26), and
the lateral tyre slip power losses (see Eq. 5.35). As expected, the combination of all
cost function terms in the NMPC Complete configuration brings the most balanced,
and therefore, most efficient result.

Figure 5.25: Power loss profiles during a double lane change test, for µ = 0.9 and an
initial speed of 56 km/h.

Figure 5.26: Power loss profiles during a double lane change test, for µ = 0.7 and an
initial speed of 40 km/h.

In addition, to objectively assess the performance of the different configurations
during the obstacle avoidance test, the following set of indicators are selected and
compared,
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Table 5.8: Double lane change results for µ = 0.9 and 56km/h

Fuzzy
+ LUT

NMPC
Yaw
Rate

NMPC
PWT
Losses

NMPC
Tyre

Losses

NMPC
Complete

NMPC
Complete

WCA

NMPC
Complete

WCA
Adaptive

Vf in (km/h) 42.39 44.04 44.17 44.75 44.46 44.29 45.40
RMS(e ̇)(deg/s) 2.32 1.52 2.57 1.88 1.88 1.96 1.60
|↵R,max |(deg) 3.08 4.80 5.02 4.33 4.82 4.57 4.16
IA�SW (deg) 45.87 48.09 52.73 54.60 51.43 53.38 44.91
IAMz,ref (Nm) 410.31 402.69 380.25 391.06 391.89 399.98 368.96

• The final vehicle speed, Vf in, i.e., the speed at the exit of the course, which is
an indicator of vehicle agility and the level of tyre slip power loss.

• The root mean square value of the yaw rate error, RMS
!
e ̇

"
, which evaluates

the yaw rate tracking performance and vehicle agility.

• The peak absolute value of the rear axle slip angle, |↵R,max |, which assesses
vehicle stability as well as tyre slip power losses.

• The normalized integral of the absolute value of the steering angle �SW :

IA�SW =
1

tf in � tin

⁄ tf in

tin

|�SW | dt (5.46)

where tin and tf in are the initial and final times of the relevant part of the test,
calculated when the EV enters and leaves the obstacle avoidance course. IA�SW
assesses the required steering effort to follow the reference path.

• The normalized integral of the absolute value of the reference direct yaw mo-
ment, Mz,ref , calculated from the individual reference wheel torque demands:

IAMz,ref =
1

tf in � tin

⁄ tf in

tin

|Mz,ref | dt (5.47)

Two speeds based on the lowest critical speed achieved by the Fuzzy+LUT setup
for the dry and wet road scenarios were considered: a speed of 56 km/h with µ = 0.9
and 40 km/h with µ = 0.7. Results are summarized in Tables 5.8 and 5.9.

The results confirm the superior performance of the NMPC Complete WCA Adap-
tive, which has the highest Vf in in both tests (ultimate proof of reduced tyre slip power
losses), and consistently good performance in all other indicators. The results also
highlight that energy-efficient TV control should account for both powertrain and
tyre slip power losses to achieve energy saving in a wide range of vehicle operation.
For µ = 0.9, Vf in is comparable for the NMPC PWT Losses and NMPC Tyre Losses
configurations, while for µ = 0.7 the latter configuration is significantly more efficient.
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Table 5.9: Double lane change results for µ = 0.7 and 40km/h

Fuzzy
+ LUT

NMPC
Yaw
Rate

NMPC
PWT
Losses

NMPC
Tyre

Losses

NMPC
Complete

NMPC
Complete

WCA

NMPC
Complete

WCA
Adaptive

Vf in (km/h) 30.58 32.80 31.76 34.06 33.86 33.10 34.17
RMS(e ̇)(deg/s) 3.48 1.32 2.91 1.29 1.60 1.67 1.34
|↵R,max |(deg) 4.14 3.36 3.60 2.93 3.54 3.49 3.04
IA�SW (deg) 68.97 42.23 56.25 32.95 45.11 47.85 42.27
IAMz,ref (Nm) 255.41 179.54 168.11 275.68 179.95 191.27 181.00

5.4.4.3 Driving Cycles

In order to evaluate the effect on power consumption of the front-to-rear wheel
torque distribution during straight-line operation, a set of standarized driving cycles
were simulated:

• World harmonized Light vehicles Test Procedure (WLTP) [146], excluding the
extra high speed section

• New European Driving Cycle (NEDC)

• ARTEMIS road

• ARTEMIS urban

The results are reported in Table 5.10 only for the most advanced NMPC config-
uration as the energy consumption is very similar with all controlled configurations.
This result is expected considering the nature of the mission profiles (a straight-line)
and the low torque and, thus, low longitudinal tyre slip values. Hence, the energy
consumption during the driving cycle is dominated by the powertrain power loss char-
acteristics. For all the tests, the NMPC Complete WCA Adaptive leads to reduced
energy consumption with respect to the single axle configuration, using only the rear
powertrains (while the front powertrains are switched off), and the even distribution
strategy, i.e., the Passive configuration defined in Section V.A. Depending on the
driving cycle, the saving of the NMPC TV implementation ranges between 0.21%
and 2.46%, with an average saving of 1.06%, with respect to the single axle case,
and between 0.47% and 3.18%, with an average saving of 2.04%, compared to the
even distribution configuration. The driving cycle results are aligned with those in
other recent energy-efficient front-to-total wheel torque distribution studies [162].
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Table 5.10: Energy consumption results along a selection of driving cycles

Energy consumption (kWh)
Improvement (%) of

NMPC with respect to

Driving
Cycle

Single
Axle

Even
distribution

NMPC
Complete

WCA
Adaptive

Single
Axle

Even
Distribution
(Passive)

WLTP 1.433 1.477 1.43 0.21 3.18
NEDC 0.593 0.604 0.589 0.77 2.58

ARTEMIS
road 1.985 2.008 1.969 0.8 1.94

ARTEMIS
urban 0.495 0.485 0.483 2.46 0.47

5.4.4.4 Circuit Lap Test

The final test assesses the controllers in a complex scenario, i.e., the circuit of the
2015 Formula Student Germany competition. Figure 5.27 shows the vehicle path
along the track, and the fixed speed profile followed by all controller configurations,
which corresponds to a rather “aggressive” driving style within the limit of handling,
with peak values of lateral acceleration of 6 m/s2.

Table 5.11 reports the main performance indicators. The fast driving style does
not allow the LUT based control allocation to bring substantial benefits, which is
confirmed by the energy saving of only 0.59% of the Passive + LUT with respect to
the Passive. Thanks to the adoption of an energy-efficient reference yaw rate char-
acteristic, the Fuzzy + LUT achieves a 3.93% energy consumption reduction with
respect to Passive configuration. Importantly, all NMPC implementations, including
the NMPC Yaw Rate, consume less than the benchmarking Fuzzy + LUT config-
uration. In fact, although the NMPC Yaw Rate formulation does not consider the
power loss contributions or the energy-efficient front-to-total wheel torque distribu-
tion within its cost function, it demonstrates significantly better yaw rate tracking
performance than the Fuzzy + LUT, which is beneficial to active safety and consump-
tion. The energy saving is very similar for the NMPC PWT Losses and the NMPC
Tyre Losses, i.e., 6-7%, while all NMPC configurations that consider both power loss
terms in the Cost Function reduce the consumption by more than 9%. In general,
these results confirm the importance of the reference understeer characteristic on the
EV energy consumption.

Moreover, it can be seen that the implementation of energy-efficient TV con-
figurations does not compromise the vehicle cornering response with respect to the
Passive vehicle; on the contrary, despite achieving higher stability, i.e., larger values of
Vcr in the double lane change tests, the energy-efficient TV controlled configurations
alleviate the steering effort, with IA�SW reductions ranging from 6% to nearly 13%.
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Figure 5.27: Top view of the vehicle with indication of the sign conventions for the
main variables.

Table 5.11: Performance indicators of the EV configuration along the selected circuit

Passive
Passive
+ LUT

Fuzzy
+ LUT

NMPC
Yaw
Rate

NMPC
PWT
Losses

NMPC
tyre

Losses

NMPC
Comp.

NMPC
Comp.
WCA

NMPC
Comp.
WCA
Adapt.

En. consumption (kWh) 1.178 1.171 1.132 1.118 1.095 1.103 1.072 1.070 1.067
En. cons. w.r.t Pass. (%) - -0.59 -3.93 -5.13 -7.06 -6.38 -9.01 -9.16 -9.43
RMS(e ̇)(deg/s) 4.75 4.76 2.69 1.90 2.33 2.04 2.10 2.12 1.93
IA�SW (deg) 41.27 41.35 37.88 36.16 38.76 36.46 37.55 37.71 36.00

IA�SW w.r.t. Pass. (%) - +0.20 -8.21 -12.37 -6.06 -11.65 -9.01 -8.62 -12.75

5.4.5 Summary and discussion

The results of the extensive simulation analysis on the case-study lightweight electric
vehicle with in-wheel motors can be summarized as follows:

• In quasi-steady-state cornering conditions, the reference understeer character-
istic has more influence on the energy consumption than the control allocation
algorithm. This effect is progressively more evident with increasing lateral ac-
celeration (see Section 5.4.4.1).

• Although the inclusion of the power loss terms in the TV controller formulation
only marginally improves the power consumption during steady-state corner-
ing, it significantly enhances system robustness by compensating for the power
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consumption increase caused by state estimation errors, e.g., on the tire-road
friction coefficient (see Section 5.4.4.1).

• The adaptation mechanism of the cost function weights of the nonlinear model
predictive controller formulation provides significant operational flexibility de-
pending on the actual driving situation, i.e., by prioritizing energy efficiency
during normal driving and vehicle safety and stability in extreme manoeuvres
during sub-limit driving. With such mechanism, the NMPC TV system is char-
acterized by the same critical speed in obstacle avoidance maneuvers as its
version tuned only for vehicle dynamics performance, i.e., 61 km/h at µ = 0.9
and 45 km/h at µ= 0.7, against 54 km/h and 37 km/h of the Passive config-
uration (see Section 5.4.4.2).

• With respect to the Passive configuration, the most advanced control config-
uration proposed in this study, the NMPC Complete WCA Adaptive, reduces
energy consumption by 2% on average during the selected driving cycles in
straight-line conditions (see Section 5.4.4.3), and 9% along the considered
circuit (see Section 5.4.4.4).

5.5 Conclusions

The development of systems that reduce EVs energy consumption and contribute to
their widespread adoption is a key issue in the Automotive Industry. In this sense, TV
systems have demonstrated their ability not only in the vehicle dynamics behaviour
enhancement, but also in reducing the overall energy consumption. This last effect is
due to the fact that the output torque commands calculated by the corresponding TV
system will affect both the powertrain’s operation point (and therefore their efficiency)
and also the vehicle cornering response (and therefore tyre slip power losses).

With the aim of addressing the aforementioned two aspects directly, this is, vehicle
dynamics and energy efficiency, in this chapter a novel energy-efficient NMPC based
TV system for electric vehicles with multiple powertrains is proposed. This new
approach targets the energy efficiency enhancement through the appropriate control
of the cornering response and wheel torque allocation, with formulations considering
powertrain power losses and tyre slip power losses directly, while providing the expected
level of vehicle dynamics performance.

Different to other approaches in the literature, the proposed approach does not
use the typical 3-layer TV structure, combining several layers to optimize efficiency
in all of them. Moreover, an efficient yaw rate generator has also been developed,
which includes the control allocation layer considerations. In addition, the direct
consideration of the energy efficient term, allows to implement an adaptive weighting
approach that allows to change the focus of the TV approach on enhancing vehicle
dynamics, efficiency or both (balanced), depending on the current scenario. This
strategy allows to increase efficiency, while maintaining the best cornering response,
with the same critical speed in a challenging obstacle avoidance than the TV approach
that only considers the yaw rate tracking in the cost function (NMPC Yaw Rate).
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A comprehensive set of simulation experiments have been carried to demonstrate
the validity of the approach, comparing its performance with the controller proposed
in Chapter 4, and analyzing the effect of each term of the NMPC in the overall
performance of the approach. On the one hand, results in different driving cycles,
where powertrain losses account for most of the total losses, demonstrate that the
proposed approach is able to reduce the energy consumption between a 0.47% and
a 3.18% with respect to the passive approach, depending on the specific driving
cycle to be performed. On the other hand, results in the selected circuit show an
even higher energy consumption reduction, as in this case the tyre slip power losses
have more impact. This way, the proposed NMPC TV is able to reduce the energy
consumption a 9.43% with respect to the passive approach and a 5.5% with respect
to the controller proposed in Chapter 4.

Moreover, results for the Skid-Pad test have demonstrated that being a model-
based approach, the inclusion of the different relevant power loss contributions in
the cost function of the developed NMPC formulations allows to compensate for
inaccuracies, e.g., related to the estimation of the tyre-road friction coefficient, in the
online generation of the energy-efficient reference yaw rate. This way, the robustness
to not only the energy efficiency enhancement (2% average energy consumption
reduction with respect to the other cases with the incorrect  ̇ref ), but also to the
dynamic behaviour robustness (being the proposed approach the only one which does
not suffer understeering or oversteering during the test) is improved.

Finally, it is to be considered that the proposed NMPC provides real-time perfor-
mance thanks to the use of current high efficiency NMPC toolkits, which ensure a
controller cycle of 20ms.

In summary, it has been demonstrated that use of energy related explicit terms in
the proposed NMPC and the consideration of efficient yaw rate generation approaches
can provide important power losses reduction to EVs, while maximizing the cornering
response of the vehicle and thus, ensuring safety in stability loss scenarios.
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Conclusions and future
work

This chapter summarizes the conclusions obtained from this work, as
well as its main contributions and future research lines.
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6- Conclusions and
future work

6.1 Conclusions and relevant contributions

6.1.1 Open Issues in Torque Vectoring for EVs

The need for reducing global warming, air pollution and oil dependency has motivated
not only the use of renewable energies, but also some paradigm changes in other
areas, such as transportation systems, where the development of electric vehicles
(EV) has become a key strategy. The interest of vehicles with electrified powertrains
has increased in the last years, becoming one of the main research areas in the
automotive industry.

The integration of electric motors in propulsion systems not only provides better
energy efficiency and lower pollution, but also increased controllability, as electric
motors offer better accuracy and response time. These features are fuelling a notable
interest in the development of vehicle dynamics control systems, which also address
the efficiency and energy consumption.

Torque vectoring systems have positioned themselves as one of the most success-
ful solutions for achieving these two objectives due to the following reasons. On the
one hand, they are based on the same theory as the widely known ESP, and there-
fore, their ability to improve the vehicle dynamics performance in terms of cornering
response and stability is based on the same principles. Their control actions are the
motor torque commands, and therefore they can affect both main EVs power loss
sources (the powertrain and the tyres). First, they can modify the powertrain opera-
tion point, affecting its efficiency, and second, they can modify the vehicle cornering
response, affecting to tyres slip.

However, in the development of TV approaches for EVs, the analysis carried out
in Chapter 2 concluded that there are several open points regarding torque vectoring
systems. These open points can be summarized as follows:

1. It is important to choose properly the specific control technique to be used.
The most promising ones are the model-based control systems, although they
still present high model dependency and excessive computational cost, and the
intelligent control techniques, as they do not present model dependency and
provide a good balance between performance and computational cost.

2. Considering tyre forces in TV systems helps not only to generate a more optimal
torque distribution, but also to reduce the tyre slip.

3. In the typical TV structure, the three layers work separately. This can lead to
conflicts between them, especially when energy efficiency is considered. There-
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fore, combining these layers can help to avoid these conflicts, improving the
performance of the TV system.

4. In EVs, the main power losses sources are the powertrain (due to its efficiency)
and the tyres (due to the slip). As TV systems affect both sources, modifying
the powertrain operation point and vehicle’s cornering response, both power
losses must be considered.

5. In certain critical situations, such as emergency manoeuvres, considering the
efficiency aspect can limit the ability of TV systems to improve the stability,
which in this kind of situations can be critical. Therefore, the development
of TV systems that provide significant operational flexibility depending on the
actual driving situation, i.e., prioritize energy efficiency during normal driving,
and stability in extreme manoeuvres, can be determined.

6. The implementability is crucial in this application. Too complex TV systems can
be able to provide optimal performance, but not real-time capabilities, making
impossible to be used in real vehicles. Hence, a balance between performance
and computational cost is mandatory in the development of TV systems.

6.1.2 The need for simulation-based testing frameworks.

In order to validate vehicle dynamics control systems (such as TV) before track tests,
simulation frameworks are mandatory. Nowadays, this kind of framework is commonly
used in the automotive industry, as they not only allow to reduce the costs and time
associated to track-based tests, but also to test extreme manoeuvres, such as those
required for validating TV systems, in a safe manner.

Therefore, in Chapter 3, a Vehicle Dynamics Simulation Framework has been
presented. The aforementioned framework permits HiL based tests and is composed
by four main blocks: a virtual driver, a specific block for the implementation of the
control system to be tested, a block for the implementation of the powertrain model,
and finally, a multibody vehicle dynamics model. At the same time, the proposed
framework is characterized by:

1. A novel multibody vehicle dynamics model that provides optimal accuracy and
low computational cost (<1ms) thanks to the use of macro-joints and an effi-
cient formulation.

2. A C code based implementation, with the objective of avoiding compatibility
issues with different hardware platforms and permit flexibility to perform HiL
tests.

3. A MPC based virtual driver, which permits to ensure repeatability and different
driving styles (calm, aggressive...).

4. A specific block for the powertrain, which helps to easily test same vehicles with
different powertrains.
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The proposed framework has been validated in two different ways. On the one
hand, comparing the obtained results with those obtained in four standardized tests
performed with the real vehicle in IDIADA. On the other hand, analysing its real-time
and flexible capabilities through its implementation on a Hardware in the Loop setup.
Results show the proper performance of the proposed framework in both aspects,
accuracy and real-time capabilities, demonstrating its effectiveness and ability to be
used for the validation of vehicle dynamics control systems. Hence, the TV systems
proposed in this Ph.D. Thesis have been validated using this framework.

6.1.3 Intelligent TV system

In Chapter 4 a novel Intelligent TV system, based on intelligent control techniques,
including a fuzzy logic-based yaw moment controller and an ANN/ANFIS based ver-
tical tyre forces estimator, is proposed. The use of intelligent control techniques
permits a higher model abstraction as well as a good balance between performance
and computational cost. Besides, this intelligent TV systems consider the energy
efficiency indirectly through a torque distribution that uses the vertical tyre forces
and through the utilization of the regenerative braking, reducing the overall energy
consumption.

The proposed approach is characterized by:

1. A typical three layer-structure: Layer 1 is responsible for generating the yaw
rate reference to be tracked using a bicycle model. Layer 2 includes a fuzzy
yaw moment controller and a regenerative braking contribution, which helps to
reduce energy consumption. Finally, layer 3 calculates the exact wheel torque
commands, where the estimation of tyre forces is crucial.

2. An intelligent vertical tyre forces estimator, which is one of the main contribu-
tions of this approach. It allows to know which axle has more load, and therefore
more grip. Thanks to that, it is possible to not only distribute the torque more
optimally, sending higher torque commands to those wheels that can transmit
more force to the road, but also to reduce the slip, reducing the tyre slip power
losses. Unlike other estimators found in the literature, the proposed approach
only uses easily to measure variables and does not require a complex model, as
it is based on intelligent control techniques (ANN or ANFIS, depending on the
hardware to be implemented) that use experimentally obtained data to tune
their internal model.

3. A flexible hardware implementation, in which the proposed TV subsystems can
be implemented in hetereogeneous hardware (uC+FPGA) to maximize compu-
tational efficiency.

The validation of the approach has been carried in two steps. First, the Verti-
cal Tyre Forces estimator has been validated. For that purpose, both ANFIS and
ANN approaches have been implemented and compared with a benchmarking esti-
mator found in the state of the art. Results demonstrate that not only the proposed
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approach is able to provide better results, but also allows flexibility in hardware im-
plementation. The ANN implementation can be implemented in FPGA and provide
a high accuracy at a minimum computational cost.

After validating both vertical tyre forces estimators, the validation of the whole
Intelligent TV system has been presented for a C-class vehicle. For that, the per-
formance of the proposed approach has been tested and evaluated through several
manoeuvres and compared against two benchmarking TV systems found in the lit-
erature. Results show that the proposed Intelligent TV system can enhance the
vehicle dynamics behaviour in both high-friction and low-friction conditions and the
EV overall efficiency. This energy consumption reduction demonstrates the ability
of TV systems to improve the overall efficiency although this aspect is not explicitly
considered by the proposed approach.

Although the Intelligent TV system provides good performance in both vehicle
dynamic behaviour aspect and energy efficiency, it still presents the following limi-
tations: 1) the energy efficiency is not explicitly considered; 2) it is not possible to
prioritize the energy efficiency aspect or the vehicle dynamic behaviour depending on
the situation. Thus, in Chapter 5 an energy-efficient NMPC TV system addresses
these two issues considering the energy efficiency in an explicit manner.

6.1.4 Energy-efficient NMPC TV system

The proposed energy-efficient NMPC TV system presents several points of novelty
respect to those analysed in the state of the art, considering some of the issues arisen
from the carried out state of the art analysis:

1. The proposed NMPC TV integrates different layers to avoid conflicts between
them.

2. A methodology for the generation of an energy-efficient reference yaw rate,
which considers the control allocation, is defined.

3. As the energy efficiency is explicitly considered and the proposed controller
belongs to the optimal control category, it allows to modify the importance of
each aspect, vehicle dynamics behaviour and energy efficiency, depending on the
specific driving situation. This weight adaptation is carried out using a fuzzy
logic system. This way, it is possible to take advantage of both model-based
controllers and intelligent control techniques.

The formulation of the proposed NMPC TV is more complex than the Intelligent
TV approach. However, some simplifications have been established in the internal
model to reduce the execution time. Besides, the proposed controller has been im-
plemented using a computationally high efficient toolbox (ACADO toolbox), which
contributes to its implementation in real time. To evaluate the computational cost
of the proposed approach, an analysis of the effect of different prediction horizons
and timesteps in a HiL setup using the proposed Vehicle Dynamics Simulation Frame-
work, has been carried out. This analysis permits to choose the configuration for the
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better balance between performance and execution time, demonstrating the real time
capabilities of the proposed energy efficient NMPC TV.

Once, the real time capabilities have been demonstrated, the proposed system
has been validated within the scope of the STEVE European Project (selecting a
lightweight EV as study case) and comparing the results against several configura-
tions, which include the fuzzy yaw moment controller developed for the Intelligent
TV previously proposed. Results showed the positive impact of the generated energy-
efficient reference yaw rate map on energy consumption in steady-state cornering
conditions. Such improvement was evident also for the Intelligent TV controller,
coupled with an energy-efficient control allocation layer, showing both approaches
the same relative power reduction (6% average of improvement). Nevertheless, the
inclusion of the different relevant power loss contributions in the cost function terms
of the developed NMPC TV system allows to compensate for inaccuracies, e.g., re-
lated to the estimation of the tyre-road friction coefficient in the online generation
of the energy-efficient reference yaw rate, and for the effect of cornering transients,
thus providing robustness to the energy efficiency enhancement.

Although this model-based controller, i.e. NMPC, can provide good performance,
it was unable to concurrently provide the best energy consumption performance in
normal driving conditions, and the safest cornering response during emergency ma-
neuvers, e.g., obstacle avoidance tests. Therefore, as previously stated, to address
this issue a fuzzy logic based adaptation mechanism of the NMPC weights has been
developed. The proposed mechanism allows operational flexibility in prioritizing the
energy efficiency or vehicle dynamics aspects and has demonstrated that effectively
contributes to provide significant improvements in all considered scenarios. More
specifically, results have shown that thanks to the proposed weight adaptation algo-
rithm, the critical speed for the obstacle avoidance manoeuvre remains the same as
the one achieved by the NMPC TV configuration that only consider the yaw rate
tracking in its cost function. And, at the same time, results in this critical ma-
noeuvre have also shown that the weight adaptation mechanism does not limit the
performance in the energy efficiency aspect, being the approach that includes this
mechanism the one that achieves the higher final speed in both high and low friction
conditions, demonstrating its ability to reduce the power losses.

Finally, several tests have been carried out for different driving cycles in a selected
circuit. On the one hand, as the powertrain losses account for most of the total losses,
being the control allocation layer critical, the performance of the proposed NMPC
TV system has been compared against an even distribution configuration (passive
vehicle) and against a single axle configuration (only the rear axle powertrain acti-
vated). Results show that the proposed approach can reduce the energy consumption
depending on the specific driving cycle to be performed. On the other hand, results
in the selected circuit show an even higher energy consumption reduction, as in this
case the tyre slip power losses have more impact. This way, the proposed NMPC TV
can reduce even more the energy consumption.
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6.1.5 Summary

The final conclusiones of this Ph.D. Thesis are:

1. TV systems are fundamental for EVs, as they permit to enhance the vehicle
dynamic performance and, at the same time, reduce the energy consumption,
increasing their driving range.

2. Due to the complexity of these systems and current EVs, the use of advanced
control techniques is necessary.

3. Considering explicitly the energy efficiency in the developed TV systems effec-
tively contributes to the enhancement of this key aspect without limiting the
performance in other aspects, such as the vehicle stability, if mechanisms that
allow to prioritize each aspect depending on the specific situation are imple-
mented.

In this sense, the proposed TV systems, the Intelligent TV and the energy-efficient
NMPC TV, have addressed these issues, demonstrating their ability to handle them
properly and providing optimal performance, and helped to progress in these research
lines. However, there are still certain areas where research needs to be done.

6.2 Future work

Considering the research work developed in this thesis, the author proposes the fol-
lowing research lines for future investigation:

• Experimental validation: in this Ph.D. thesis the validation of both contri-
butions has been carried out based on simulation. Although, both proposed
systems have been implemented in real hardware and their real-time capabilities
have been demonstrated, the results have been obtained through an accurate
vehicle dynamics model. In this sense, Tecnalia has developed and built their
EV with multiple motor powertrain topology to validate new control systems,
such as the TV systems proposed in this Ph.D. Tesis. Therefore, one of the
future works will include the validation of both approaches in a this vehicle.

• Extension to vehicle plants with additional chassis control actuators: in this
Ph.D. thesis the control actions of both proposed TV systems are the electric
motor torques. However, if vehicles with more chassis actuators are considered,
such as those required for an active suspension, new control actions can be
added, and the effectiveness of the whole system can be further improved.

• Include pre-emptive functionalities: due to the recent advances in commu-
nication infrastructures, the connected vehicles concept is one of the most
interesting topics for the Automotive Industry. In this sense, having informa-
tion of the environment provided by other vehicles or systems, could help to
extend the functionality of TV systems to a whole stability control system,
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which, could limit the maximum speed considering the future trajectory and
friction conditions.

• Combination with automated driving algorithms: undoubtedly Automated
Vehicles is one of the main research areas not only for the Automotive Industry,
but also for the whole scientific community. Traditionally, when TV systems
have been implemented in Automated Vehicles, both systems, the TV algorithm
and the automated driving algorithm, are usually differentiated and implemented
using a cascade control architecture. Therefore, one of the future works will
include the combination of these two systems.
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In this section the corresponding appendix is presented.
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A- Benchmarking
vertical tyre forces

estimator

A.0.0.1 Benchmarking estimator

The benchmarking estimator has been proposed and validated in [18], providing good
results, but requiring the estimation of many variables (such as longitudinal speed,
vehicle mass and pitch and roll angles) for the vertical tyre forces estimation. This in-
creases the dependency on a good model parametrisation and therefore, compromises
the performance when model uncertainties arise.

The operation of this estimator can be derived in two main steps. First, the
vertical forces actuating in both axles are estimated using Equation A.1 and Equation
A.2, making use of the pitch and roll models showed in Figures A.1 and A.2.

Figure A.1: Pitch Model [18]

Fzf = �m
HCoG

L
(ax,m cos(✓�) + az,m sin(✓�))

�m
Lr

L
(ax,m sin(✓�)� az,m cos(✓�))

(A.1)
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Figure A.2: Roll Model [18]

Fzr = m
HCoG

L
(ax,m cos(✓�) + az,m sin(✓�))

�m
Lf

L
(ax,m sin(✓�)� az,m cos(✓�))

(A.2)

where m is the mass of the vehicle az,m and ax,m are the measured vertical and
longitudinal accelerations of the Center of Gravity (CoG), Lf is the longitudinal dis-
tance between the CoG and the front axle, Lr is the longitudinal distance between
the COG and the rear axle and HCOG is the height of the CoG. ✓� is body pitch
angle and L is the wheelbase. Fzf and Fzr are vertical forces for front and rear axles,
respectively.

For instance, the vertical force acting on the rear right tyre can be calculated by
taking moment around the contact point of the rear left tyre and using Equation A.1
and Equation A.2 as follows:

ÿ
Mr l = 0 (A.3)

Fzrr = �
m�,rHCoG

er
(ay,m cos(��)� az,m sin(��))

�
m�,r

er
(ay,m sin(��) + az,m cos(��))

⇥(
er

2
�HRC sin(��))

(A.4)

Fzr l , Fzf r , Fzf l are calculated in the same way as:
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2
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(A.7)

where mv,f and mv,r are the effective masses on the front and rear axles and ef
and er are the front and rear track widths, respectively, HRC is the height of the roll
center, and it is assumed that the height of the front and rear roll centers are the
same. Fzf l , Fzf r , Fzr l and Fzrr , are the vertical tyre forces for the tyres.
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