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Abstract

The electric mobility and digitalisation
have an immense potential and will write
the automotive future. More and more
sophisticated algorithms considering and
handling safety, efficiency, sustainability
and increasing transport demands will be
implemented.

The torque vectoring algorithm designed
especially for electric vehicles with inde-
pendently controlled all-wheel drive is pre-
sented within this thesis while consider-
ing a simplified planar vehicle dynamic
model and utilizing model predictive con-
trol strategies.

The thesis introduces construction of the
dynamic model, its appropriate trimming
for control synthesis and the control al-
gorithm along with implementation in
the environment Simulink®. The per-
formed simulations resulted successfully
in weighted optimal distribution of the
individual wheel torques being applied to
the vehicle electric motors.
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Electromobility, Simulation
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Abstrakt

Elektromobilita a digitalizace maji obrov-
sky potencial a budou psat automobilovou
budoucnost. Bude implementovano stéale
vice sofistikovanych algoritmi zohlednuji-
cich bezpec¢nost, efektivitu, udrzitelnost a
zvysujici se pozadavky dopravy.

V této préaci je prezentovan algoritmus
vektorovani tocivych momentt navrzeny
zvlasté pro elektricka vozidla s nezavisle
fiditelnym pohonem vsech kol, vychézejici
ze zjednoduseného dynamického modelu
vozidla a vyuzivajici strategie prediktiv-
niho fizeni.

Prace predstavuje sestaveni dynamického
modelu, jeho vhodnou tpravu pro syntézu
fizeni a Tidici algoritmus spolu s vlastni
realizaci v prostiedi Simulink®. Provedené
simulace byly tspésné zakonceny vysled-
nym vahové optimalnim rozlozenim jed-
notlivych hnacich to¢ivych momentu.

Kli¢ova slova: vektorovani tocivych
moment, prediktivni fizeni, dynamika
vozidel, elektromobilita, simulace
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Chapter 1

Introduction

. 1.1 Motivation

In recent years, there has been a larger impact of new technologies coming to our
everyday lives than ever before. Major contribution surely belongs to the development
of faster and more efficient data processing units and furthermore, the code complexity
in all computers increases rapidly. We tend to replace more and more routine tasks
in production and services, to better optimize time and resources and the world just
gets quicker and more automated. It is all down to the sophisticated algorithms
which operate the machines in order to increase safety, improve reliability, accelerate
productivity and enhance functionality.

This transformation has inevitably affected the car industry as well. Two of the
greatest challenges which drive the automotive society today are electromobility and use
of artificial intelligence for autonomous driving. This certainly requires more complex
and reliable embedded systems and more advanced algorithms, solutions and strategies.

B 1.2 Driver assistance systems

Lots of assistance systems have been developed over the years helping the driver
to avoid accidents and to prevent potential vehicle uncontrollability in poor driving
conditions. Nowadays, a completely new era of advanced driver assistance systems
(ADAS) is coming up, relying upon very high-tech components and sensors, such as
lidar (Light Detection and Ranging), utilizing laser pulses to detect objects in its range,
or radar, cameras or ultrasonic sensors. Some assistance systems based upon these
technologies are listed below:

® Adaptive cruise control (ACC)
® Lane change assistance

® Traffic sign recognition

® Automatic parking



1. Introduction

Nevertheless, those control systems focus on data acquisition from the vehicle surround-
ings and upon object detection and recognition, but they themselves do not improve
vehicle stability or maneuverability in any way.

The problems regarding the vehicle poor stability in certain driving or weather
conditions were encountered much earlier, therefore, the following systems have been
developed since 1970s and 1980s or even beforehand.

Anti-lock braking system (ABS) is a safety control system which prevents the
wheels from locking up and skidding on the surface and ensures continuous traction
while braking. In principle, the system measures speed of each wheel and compares
it with the vehicle’s speed. If the wheel speed is considerably lower than it should
(often due to loss of traction on a slippery road), the system releases a hydraulic
valve, which reduces hydraulic pressure and thus braking force to the corresponding
wheel. ABS is considered as an essential system, according to EU law it is a
compulsory element of all cars built in Europe since 2004.

Electronic stability control (ESC) is a safety control system which monitors loss
of traction and steering while driving and it brakes individual wheels in order to
steer the vehicle in driver’s intentional direction. In principle, applying brakes
independently while driving creates a yaw moment which helps (when correctly
estimated) the vehicle to stabilize. It might be utilized in certain oversteer or
understeer situations, etc., or it prevents the car from skidding on a wet or icy
road surface. The vehicles in Europe have been obligatory fitted with ESC since
2014.

Since their first release, these systems have been further improved and extended, and
other new related systems have been evolved. All the above mentioned solutions
have been integrated into the ECUs (Electronic control units) with respect to quality
standards and functional safety described for instance in well-known ISO 26262.

B3 Torque vectoring system

The purpose of this thesis is to aim for the above indicated direction and to present,
simulate and to develop a rather new torque vectoring system technology, which is
ideally based upon a proper torque splitting and torque differentiating among the
vehicle wheels while cornering in order to improve its stability, handling, performance
and maneuverability and thus to reduce the driver’s effort and increase passenger
safety.

Such systems are not entirely new, they have been used mostly in premium car
segment and have been working largely on a mechanical basis with electronic control as
an additional feature of the differential. The torque vectoring system could be further
classified according to the drive axles. Driving only front or rear axle and varying
torque between two wheels makes the system less complex. However, torque vectoring
is mostly implemented on cars with all-wheel drive, as for example a quattro® system
from Audi AG.

Ricardo plc, a British based, global engineering and technical consultancy company,
has been offering one of the most compact torque vectoring solutions available and
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demonstrated with it the improvement in handling and stability both on and off-road.
This master’s thesis has been created in an association with Ricardo Technical Centre
in Prague.

. 1.4 Electric vehicles

Regarding the climate change and the environmental issues caused by an increasing
level of CO4 emissions, it is our mission in a few decades to transform the energy
exploitation into something sustainable. The legislation process in Europe massively
supports pure electric and hybrid vehicles, all major car manufacturers present every
year a new electric fleet and invest immensely into the development. We can certainly
expect this trend to be further ongoing. But we cannot just skip over the so far very
advanced internal combustion engines (ICEs), because a ton of predictable and possibly
even unexpected problems will emerge.

Supersport cars are usually developed by companies demonstrating as much of an
ultra-advanced and futuristic technology as they can. Mainly because the interested
customers pay the huge price regardless of its height. For instance, the Rimac Concept
One or Concept Two developed and manufactured in Croatia by Rimac Automobili
or the Mercedes-Benz SLS AMG Electric Drive coming from Stuttgart, they have in
common a four-wheel electric drive, so the wheels are completely independent and
utilize the torque vectoring solution. As the development costs of this system decline,
it is still going to be offered in more affordable car segments spreading throughout the
automotive industry.

Electric vehicles have overall lots of advantages, they operate very quietly, have
huge performance figures in terms of acceleration, which is instant comparing it to
the vehicles with ICEs. They also have zero CO2 emissions, treat energy flows better,
they can recuperate while braking and their powertrain is mechanically less complex,
which reduces its production costs. On the downside, there is a critical point of storing
the electrical energy. The so far developed and produced electric vehicles rely mostly
on using Li-Ton battery packs. And their production is such energy-intensive, that
according to Fraunhofer Institute for Building Physics the amount of overall energy
required to produce the electric car is twice as much as to produce the conventional
one. And if we consider electric vehicles being recharged with electricity coming from
coal-fired power stations, there is certainly no point of proclaiming them as eco-friendly,
the emissions may decrease merely locally, but it generally does not solve the issue.
Taking into account a problematic battery packs disposal and mining and quarrying
rare earth minerals, it might overall seem that we are still not heading in the right
direction.

Regardless of how exactly the world will look like in 20-year-horizon, it is clear
that this “eco-transformation” will affect us more than anybody can presume. At this
point I would like to challenge everybody to take true responsibility in every way for
contributing to our shared living environment and appeal on the importance of being
and behaving smarter, which might help, but not paying attention and not taking care
will make everything worse definitely.
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Chapter 2

Planar Vehicle Dynamics

B 21 Body frame and coordinates

In order to derive vehicle model dynamics equations, we must postulate several
simplifications which we mention throughout the text. A vehicle has generally 6
degrees of freedom (dof), for which we define 3 translational (longitudinal x, lateral
y, normal z) and 3 rotational movements (roll ¢, pitch ¢, yaw 1). For our case, we
consider a planar vehicle body frame with 3 dof in coordinates z, y and v (with
respect to the global coordinate system) as expressed in fig. which simplifies force
vectors acting on the body and velocity vectors describing its motion accordingly.

Ey
Br=| F, (2.1)
0
[0
Bym=1 0 (2.2)
M,

(2.3)

[0
Bu=10 ] (2.4)
¥

B 2.2 Newton-Euler equations

We assume the body frame to be the principal coordinate frame to obtain the principal
moment of inertia matrix, which further reduces complexity of the motion dynamics.

L. 0 0
Br=10 1, o0 (2.5)
0 0 I.



2. Planar Vehicle Dynamics

Figure 2.1: Vehicle model dynamics

The rigid body dynamics concentrated to the COM - center of mass is according
to standard convention without loss of generality described by these (Newton-Euler)
equations:

BF = mBé = m(Bas + Bay,) = m(Pots + Bw x Bo) (2.6)

BM =B1Bo +Buw x BrBuw (2.7)

where m is weight of a vehicle, Ba; and Ba,, represent tangential and normal accelera-
tion vectors, respectively, and with 4 being the unit vector in tangential acceleration
direction. And by substituting the above vectors and matrices we obtain:

X 0 T max — mwy
BFE=m| g |+m| 0| x|y |=]| mj+mii (2.8)
0 ¥ 0 0
L. 0 0][0 0 L. 0 0]]0 0
BM=|0 1, Of|lO|+]|O0|x|0O I, Ol|O0]|=] 0 (2.9)
0 0 L.| |4 0 0 0 L.| |4 L.
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The entire planar model is then represented by 3 equations:

F, mi — mz/)y
Fy | = | mj+myi (2.10)
M, I

These applied forces are distributed among 4 wheels as depicted in fig. 2.1, We define
the steering angles d; and d2 on the front axle and compute the forces summation
accordingly (d3 = d4 = 0).

4
F, = ZF% = (Fy,cos; — Fy,sind;) (2.11)
=1
4
F, = ZFyl > (Fysind; + F,cos ;) (2.12)
=1
4
M, = Z(Mz, +xiFy, — yzFxl) =
, = (2.13)
Z M., + x;(Fy;sind; + Fs,cos6;) — y;(Ft,cos 6; — Fy,sin 0;))

Forces Fy, and F§, are summations of all forces in the wheel’s longitudinal and lateral
direction, respectively, z;, y; represent wheel’s coordinates and M, are sums of all yaw
moments acting on the individual wheel.

B 2.3 Forward vehicle dynamics

As we can predict, some of the previously derived tyre forces depend on the ground
reaction forces. In order to determine the weight distribution, we come out of the
fig. considering x-axis symmetry, omitting the steering angle dependence for this
instance (§; =~ d2 ~ 0) and lateral y motion. This simplification significantly reduces
the complexity of overall kinematics and dynamics. Newton-Euler equations for this
instance can be described by:

> Fy=mi (2.14)
Y F.=0 (2.15)

> M, =0 (2.16)

Since we assume equal force distribution between the wheels on the same axle and
T1 = T9, T3 = T4, we elaborate the expressions further:

2F,, + 2F,, = mi (2.17)
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2F,,

Figure 2.2: Forward vehicle dynamics

2F,, +2F., —mg =0 (2.18)

(2F,, + 2Fy,)h + 2F, 2y — 2F,, 23| = 0 (2.19)

where h is the center of gravity height. By simplifying x-forces into one unknown, we
obtain solutions:

F, =F,, =-mg———— — —-mi——— 2.20

Z1 z2 2 gxl + ’$3| 2 T + |.'L'3| ( )
1 T 1 h

F.o—F -2 S 2.21

= = 2mgx1+]a:3| + 2mxx1+|x3| (2.21)

The expressions [2.20| and contain terms with & dependence, which represent
contributions to the reaction forces appearing either by accelerating or decelerating.
But as we assume torque optimization rather for lateral vehicle motion, we state & ~ 0
and use in all cases following reaction forces.

1 |z3]

F,=F,=-mg——— 2.22
z1 z2 2mgf1}'1+’x3| ( )

(2.23)

. 2.4 Vehicle kinematics

The highest impact on maneuverability has the vehicle’s steering mechanism. There are
several steering types. Most two-axle-vehicles utilize front-wheel-steering (passenger
vehicles), but forklifts usually have rear-wheel-steering and there are also some premium-
segment-cars which are capable of steering both axles simultaneously. The other division

10



2.5. Wheel and tyre dynamics

is according to the steered-wheel-angles when considering fig. 2.1l We may deliberately
choose 41 > do and fulfill further the Ackermann condition for 92 being the outer
wheel, or select 91 = 9 for parallel steering, or §; < d2 for reverse.

y1 + |yal

2.24
xro + ‘.’L‘g’ < )

cot 09 — cot §; =

The advantage of Ackermann steering is that the tyres produce no slip at low speeds
because of the common turning center. We will derive other expressions utilizing this
mechanism, considering lower vehicle speeds in order to minimize the contribution of
slip forces onto the final dynamics. Our independent input is a steering wheel angle
which we consider as a "mean” value § (heading angle measured from the center of
gravity):

cot d2 + cot 1

to =
co 5

(2.25)
Regarding the lateral vehicle velocity, wheel velocities can be generally derived [I] in
the body coordinate frame and for our case specifically [2.27] Lateral tyre slip
forces begin to appear as a result of the lateral tyre slipping on the surface, described
by so-called global or local tyre slip angles, which are according to standard
convention defined for each wheel (i = 1 - 4) and generate the nonholonomic constraint
to our system.

Bui =Bv+Bw x Br; (2.26)

.T'}i T 0 ZT; T — @/Jyz
Y | =19+ 0 | x|y |=|9+vz (2.27)

0 0 b 0 0
B; = arctan (%) = arctan (y + dml) (2.28)
i & — Yy
a; = §; — arctan (y i 1ij2> (2.29)
T —Yy;

B 25 Wheel and tyre dynamics

Every wheel has in general case 6 dof as well, we consider the corresponding forces in
longitudinal F}, and lateral Fy, direction and pitch moment M, (also called rolling
resistance torque). Remaining forces F}, (reaction force itself), M,, (roll moment,
tilting moment) and M, (yaw moment, aligning moment) will be neglected further for
the dynamic model.

We derive the motion equation for a wheel regarding the actual inputs of our torque

11



2. Planar Vehicle Dynamics

Figure 2.3: Wheel dynamics

vectoring model T; (depicted in fig. [2.3). Adding up the kinematic condition for no
longitudinal tyre slip allowed, we claim [2.31]

LBy, = T; — F..& — Fyry, (2.30)

O, s = o, (2.31)

[ty = Ti (2.32)

Gy A 0 (2.33)

- Iwri =T — Fopupry — Firy (2.34)
w

where 1, and I, are the wheel’s radius and inertia, éwi and &,,, are wheel’s coordinates,
1y is a dimensionless rolling friction coefficient and £ an alternative coefficient with
dimension of length corresponding to an offset caused by contact pressure deformation.
We must emphasize at this point that could only be derived under the assumption
of forward wheel dynamics when no lateral vehicle motion is considered and also
01 = 3 ~ 0, which is obviously in conflict with for front (steered) wheels. As
previously, we state & = 0, neglect rolling resistance torque and obtain final expression.
F, = L (2.35)
Tw

The remaining unknowns to be determined are the wheel or tyre lateral forces.
This itself is a complex topic and is influenced by many parameters. So we simplify
our consideration for this part as well, as much as possible. A tyre possesses very
anisotropic properties, it contains many different material layers with complex vis-
coelastic attributes, the local structure varies significantly and the resulting behaviour

may be observed as elastoplatic nonlinear deflections.
In reality, tyre modelling appears to be empirically determined and there exist
more or less complicated equations describing the tyre-road interaction. One of the

12



2.6. Nonlinear dynamic model

N Dependence of tyre lateral force on slip angle

—— Dry asphalt

Model surface 2
Model surface 3
Snow

Normalized tyre lateral force
o

_1 Il Il Il Il Il Il Il Il Il
05 -04 -03 -02 -01 0 0.1 0.2 0.3 0.4 0.5

Side slip angle [rad]

Figure 2.4: Lateral tyre force determination

most popular is certainly the Pacejka’s Magic Formula where the lateral force
depend on unique coefficients for each type of a tyre and moreover, in nonlinear fashion.
Coefficient B represents stiffness factor, C' shape factor, D peak value and E curvature
factor. This solution can be nowadays achieved with software modelling aid much
faster, for instance with the product Delft-Tyre from company TASS International.
Another approach is to utilize any type of estimator to determine the friction or tyre
characteristics as it was shown in master’s thesis in cooperation with Volvo Group [2].

F,, = Dsin{C arctan [Ba; — E(Ba; — arctan (Bay))]} (2.36)

In our model we use a very similar dependence, as explained in [4], and described by
following equation set

Fy, = Fyp(aq) (2.37)
2aphyp
D i

where oy, and p,, are peak values of the curve depicted in fig.

B 2.6 Nonlinear dynamic model

We put together the above mentioned principles and dynamic equations. Substituting
2.35| and [2.37] into [2.10] we obtain the following equation set:

ma — m¢y = Z {? cos0; — F, () sin (51} (2.39)
my + myx = Z { sin 0; + F, pu(a;) cos 6z} (2.40)
— | 7y,

13



2. Planar Vehicle Dynamics

; T T
Iy = Z {xz (TZsin 0i + F., () cos 52‘) — Y (lcos 0i — F. u(oy)sin 6i) } (2.41)

Tw

We trim the equations further into a proper form containing merely first order
differential equations with definitions as follows:

.'1': Zl
=1y |=|= (2.42)
(0 23
Tl Ul
| Ta | | we
u = Ts - us (2.43)
T4 U4
. 1 _ui . |
fr= ()4 D0 [ cosdi — Frp(aq)sind;| +mazoz (2.44)
m —~ | Tw ]
: 1 [ |
2= )q D0 [ sindi+ Frp(aq) cos 6| —mziz (2.45)
m — | Tw ]

. 1 U U; .
Z3 = (Izz> { zz: [Q:Z(Twsm di + F, u(ov)cos 5z> — yZ(Twcos 0i — F, pu(av;)sin 51)] }

(2.46)

(2.47)

z29 + 23%;
«; = 0; — arctan (M>

21 — Z3Y;

where defines system state variables and input torques and tyre local
side slip angle nonintegrable constraint, which makes the whole dynamic system
nonholonomic.

14



Chapter 3

Model verification and state space form

. 3.1 Model simulation

We test and verify the dynamic model described by equations - in Simulink
environment. Firstly, we declare vehicle and tyre parameters, as the tab. shows.

H Parameter ‘ Value ‘ Unit ‘

vehicle weight m 1500 kg
vehicle inertia I, 2000 kgm?
wheel radius Tw 0.28 m
vehicle wheelbase wb 3 m
axle track tr 1.6 m
slip angle coefficient || «, 67/180 | rad
surface coefficient p 0.9 1

Table 3.1: Vehicle test parameters

We create function ack, see (3.1, computing individual wheel steering angles explicitly
from expressions which can be easily derived according to Ackermann conditions and
we feed the output angles into our dynamic model function. The test steering angles
are demonstrated in fig. where the Ackermann angle distribution on both wheels
can be observed.

Listing 3.1: Ackermann steering

function [deltal,delta2] = ack(d)

% individual wheel coordinates from center of gravity

yl = 0.8; y2 = -0.8; x2 = 1.3; x3 = -1.7;
w = (y1 + abs(y2)); % axle track
1 = (x2 + abs(x3)); % wheelbase

deltal = acot(cot(d) - w/(2x1));
delta?2 acot (cot(d) + w/(2%1));

15




3. Model verification and state space form

Listing 3.2: Dynamic model computation

function [zlt, z2t, z3t] = dyn_model(dl,d2,ul,u2,u3,u4,zl,
z2,23)

% parameter declaration

m = 1500; g = 9.81; rw = 0.28; x1 = 1.3; x2 = 1.3;
x3 = -1.7; x4 = -1.7; y1l = 0.8; y2 = -0.8; y3 =0
y4 = -0.8; Izz = 2000; d3 = 0; d4 = O;

% calculating reaction forces
Fz12 = 0.5*m*gx*(abs(x3)/(x1 + abs(x3)));
Fz34 = 0.5*m*xg*x(x1/(x1 + abs(x3)));

% calculating longitudinal forces
Fit = ul/rw; F2t = u2/rw; F3t = u3/rw; F4t = ud/rw;

% calculating lateral forces

Fls = Fzl12*xtyre(dl,xl,yl,z1,22,2z3);
F2s = Fzl12xtyre(d2,x2,y2,z1,22,23);
F3s = Fz34*tyre(d3,x3,y3,z1,22,23);
F4s = Fz34xtyre(d4,x4,y4,z1,22,23);

% dynamic model

zlt = (1/m)*(Filt*cos(dl) - Fils*sin(dl) + F2t*cos(d2)
- F2s*sin(d2) + F3t + F4t + m*z2%z3);

(1/m)*(Flt*sin(dl) + Fls*cos(dl) + F2t*sin(d2)

+ F2s*cos(d2) + F3s + F4s - m*xzl1x*z3);

z2t

z3t = (1/Izz)*(x1*(Fit*sin(d1l) + Fls*cos(d1l))
- y1*(Flt*cos(dl) - Filsxsin(dl)) + x2*(F2t*sin(d2)
+ F2s*cos(d2)) - y2x(F2txcos(d2) - F2s#*sin(d2))

+ x3%F3s - y3*F3t + x4*F4s - y4x*F4t);

% function computing normalized tyre lateral force

function mu = tyre(d,x,y,zl,z2,2z3)
alpha_p = 6%pi/180; %» peak alpha value
mu_p = 0.9; % peak mu value

alpha = d - atan((z2 + z3*x)/(zl1 - z3%xy));
mu = ((2*alpha_p*mu_p)/(alpha_p~2 + alpha”2))*alpha;

We add a state integration and feedback and validate our model considering four
equal torque inputs as depicted in fig. Since we consider all states expressed in a
body frame, we need to perform transformation into global coordinate system to get
global position. The vehicle trajectory corresponding to the test steering angles and
small equal torques is shown in fig. As we can see, although the input torques are
negligible, the output longitudinal velocity in the long term increases (fig. , thus
the model with symmetric steering does not return to the original zero y position.
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3.1. Model simulation

Steering angles
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Figure 3.1: Steering angle inputs

Vehicle trajectory in xy global coordinates
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Figure 3.2: Model verification

Our simplified model does not take into account aerodynamic forces or even rolling
resistance, it merely has to overcome lateral forces acting on the vehicle’s front axle,
projected into the longitudinal direction. And as can be observed in fig. the speed
locally declines. The initial conditions for state space integrator are chosen in the
equation form according to our previous convention.

jjO Vo
Zig = gg = 0 (3.1)
o 0

The validation example in fig. is considered as a lane change maneuver.
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Maneuvering velocity
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Figure 3.3: Maneuvering velocity

B 32 Trimming and linearization

In order to apply a linear predictive control to our nonlinear system, we need to
perform a linearization around an appropriate point. We commonly choose equilibrium
points, where all our state derivatives become zero. If we rewrite equations -
considering being in the equilibrium point and simplify the expressions, we get:

wi, _

0= Z rz—wq cos 0., — I, p(ay) sin 6, | +mza,, 23, (3.2)
(2 L m
o -

0= Z ;wq sin d;,, + I, p(ay) cos 6, | —mz1,,23,, (3.3)
(2 L |

0= Z lxl (fﬁqsin Oieq + Fzpi()cos 5ieq) — i (uieq cos 0, — F, pi(a;)sin 5@;)]
7 w w
(3.4)
29,5 T 23.,%i
o; = 0, — arctan (W) (3.5)
Zleq — 23eqYi

So far, we have considered our inputs to be the applied torques, which we want to
control and perform the optimization with. Nevertheless, the other input to our system
is a steering angle d, which has to be distinguished and perceived as a different input,
namely uncontrollable. We will discuss consequences of this issue in next chapters.

In order to compute system states corresponding to the equilibrium point, a common
practice is to deliberately choose inputs to be zero (u;,, = 0 A §;,, = 0). As the script
m shows, we utilize Symbolic Math Toolbox™ in MATLAB® to express our dynamic
system and find the equilibrium point symbolically. Function precompute precalculates
all necessary variables used in the script. Similarly, the model can be trimmed directly
from Simulink by trim function.

18



3.2. Trimming and linearization

Listing 3.3: Finding an equilibrium point

syms zl z2 z3 ul u2 u3 ué4 dil d2
precompute; 7% symbolic precalculations

fzl = (1/m)*(Flt*cos(dl) - Fils*sin(dl) + F2t*cos (d2)
- F2s*sin(d2) + F3t + F4t + m*z2%z3);

fz2 = (1/m)*(Flt*sin(dl) + Fils*cos(dl) + F2t*sin(d2)
+ F2s*cos(d2) + F3s + F4s - m*xz1%*z3);
£fz3 = (1/Izz)*(x1*(Flt*sin(dl) + Fils*cos(dl))

- y1*x(Flt*xcos(dl) - Flsxsin(dl)) + x2*(F2t*sin(d2)
F2s*cos(d2)) - y2*(F2t*cos(d2) - F2s*sin(d2))
+ x3*F3s - y3*F3t + x4%F4s - y4x*F4t);

<+

% find an equilibrium point
assume (z1 > 0)

ul = 0; u2 = 0; u3 = 0; ud = 0; d1 = 0; d2 = 0;
f1 = eval(fzl); f2 = eval(fz2); f3 = eval(fz3);
[r1, r2, r3] = solve([0 == f1, 0 == f2, 0 == f3],

[z1, z2, z3]);

We linearize now the nonlinear system around the computed equilibrium point to
obtain a continuous-time model time-invariant state space representation [3.6]

(t) = Acz(t) + Bou(t) (3.6)

y(t) = Cea(t) + Deult) (3.7)

Considering state space generally in the form where € R" and u € RP, we
approximate the right term of the state equation with Taylor series expansion around
the equilibrium point, neglecting second and higher order terms 3.9

(t) ] B l F(z(t),u(?)) 1 _ [ f(z,u) ] (3.8)

y(t) | | g(z(t),u(?) g(z,u)
of (x,u of (x,u
f(m’ U’) = f(weqa 'U'eq) + ffa 2 ) ($ — meq) + ff? ? ) (u _ 'u'eq)
(TeqsUeq) u (TeqiUeq)
(3.9)
[Ofi(z,u)  Ofi(zyu) ... Ofr (z,u)
o1 0o 0Tn
Ofa(z,u)  Ofa(zyu) . Ofa(zyu)
Of (xz,u) _ day Do dxn (3.10)
ox '
Ofn(zsu)  Ofn(zu) .. Ofn(z,u)
L Oz Oxa Oxry
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3. Model verification and state space form

Fofi(z,u)  Ofi(zyu) ... Ofr (z,u) 7
8u1 8“2 8“17
af( ) ﬁf%(il?,u) af%(:l?,u) .. 8f28(wau)
r,Uu U1l U2 up
—_— = 3.11
5u (3.11)
Ofn(z,u)  Ofn(zuw)  Ofn(zyu)
L Oui Ous Oup
By substituting the Jacobian matrices into the Taylor expansion, then since:
f(meqa ueq) =0 (3.12)
and by comparing the terms with general state equation we obtain:
0
Ac = @) (3.13)
Oz (Teg,Ueq)
0
Be = M@w) (3.14)
ou (TegqrUeq)

The output equation could be derived and compared similarly in general case. As we
consider the states to be the observed outputs and assume no feedthrough dependence,
we define C¢ as an identity matrix and D¢ as a zero matrix.

Cc =1, (3.15)
D¢ =0, (3.16)

Listing 3.4: Computing continuous-time linearized state space

eqp; % load symbolic equations and previous results
syms z1 z2 z3 ul u2 uld3 u4 di 42 d

% compute A, B, C matrices

jacobian ([fzl; fz2; fz3], [zl z2 z3]);
jacobian([fzl; fz2; fz3], [ul u2 u3 ué4 di d2]);
diag(ones(3,1));

A
B
C

%» substitute one steering angle input

dl = acot(cot(d) - w/(2*x1));

d2 = acot(cot(d) + w/(2%1));

B(:,5) = B(:,5) + B(:,6); B(:,6) = []; % merge d1,d2
A = eval(A); B = eval(B);

% feed equilibrium point in

zl = rl; z2 = r2; z3 = r3; ul = 0; u2 = 0;
u3 = 0; u4d = 0; d = 0;

A = eval(A); B = eval(B);

The script returns matrices for continuous-time state space. We obtain the exact
same results by applying function linmod with arguments corresponding to the same
equilibrium point.
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3.3. Discrete state space

B 3.3 Discrete state space

Since the predictive control is computationally demanding, we often use computing
devices to implement it. And although there are some methods of how to control
continuous or hybrid systems, we are going to control a discrete plant, into which we
need to transfer our system.

If we rearrange and multiply the equation with matrix e~4¢t, we get:

At (1) e~ ACt Aca(t) — C?t(e—*‘ctm(t)) _ At Bout) (3.17)

which after integration yields the analytical solution in continuous time in the following
form.

t
z(t) = etz (0) +/ eAct=7) Bou(r)dr (3.18)
0
A discrete equivalent for difference between two samples considering zero-order hold

(u(7) = w(kT) = const.) and while defining variable A = (k + 1)T" — 7 for A € [0, kT)
can be easily foreseen:

T
T(k+1)T = eACkaT —i—/ BAC)‘BCude)\ (3.19)
0

And by comparing with discrete state equation we calculate discrete system
matrix and discrete input matrix as the functions of sample time period.

Z(k+1)T = ATk + Bugr (3.20)
A= A(T) = eAcT (3.21)
T
B=B(T)= / eArBod) = (eA°T — I,,)A;' Be (3.22)
0

We further use a following expansion into power series while neglecting higher order
terms in order to avoid computing inversion from a singular matrix, which occurs, if
the system is not stable.

AN AN

Ach _

+o (3.23)

Since there is no integration in equation the equivalent discrete output equation
takes the algebraic form and output and feedthrough matrices are straightforward.

yrr = Cxpr + Dugr (3.24)
C=C¢ (3.25)
D = D¢ (3.26)



3. Model verification and state space form

Listing 3.5: Continuous to discrete state space conversion

function [A, B] = conti2disc (Ac,Bc,Ts)
[rA,cA] = size(Ac); [rB,cB] = size(Bc);
if (rA == cA && rA == 1B) % check matrix dimensions

In = diag(ones(rA,1));

A = In + Ac*xTs + Ac™2*xTs"2/2;

B = In*Bc*Ts + Ac*Bc*Ts~2/2 + Ac~2*Bc*Ts~3/6;
else

return
end
end

We get the same discrete linearized state space model by applying function dlinmod,
or alternatively, we can convert continuous to discrete system by calling ¢2d function.

Nonlinear and linearized model comparison

44+
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Figure 3.4: Comparing nonlinear and linearized dynamic model

In order to prove consistency between the original nonlinear dynamic model and our
obtained discrete linearized state space system, we create a simple model substitution
of with block Discrete State-Space in by specifying control matrices, sample
time period and the same initial conditions. The results of comparison can be observed
in fig. where the states z; and z3 according to our convention are monitored. As
expected, the linear model approximates our system well around initial conditions and
by time the error increases. Nevertheless, strong nonlinearities cannot be tracked at

all.
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Chapter 4
Algorithm design and solving

. 4.1 Introduction

Predictive control or Model predictive control (MPC) is an advanced approach of con-
trol methods having been largely developed since around 1980s. It does not represent
a specific strategy or algorithm, but rather describes an explicit utilization of system
dynamic model to obtain a control input while optimizing a cost function.

MPC has been successfully implemented in many different application areas, origi-
nally in process industry and more recently in robotics and electronics. This is a logical
progression, since predictive control methods are more computationally demanding
and in order to grasp shorter time constants in electronic systems, the effective imple-
mentation is greatly determined by hardware performance. MPC can handle various
dynamic systems even with large complexity, transportation delays or instability and
is suitable to be deployed onto multivariable systems. The control law is relatively
easy to derive and can be further extended by constraints. The important attribute,
which it possesses, is that it outputs a control signal with respect to future behaviour
of the system, similarly to a linear-quadratic regulator (LQR). In contrast, a common
PID regulator reflects only the past errors.

At this point we introduce a concept of prediction horizon, which must be defined
with substantial care to be able to track the key dynamics of a process, otherwise
the MPC may not see in advance an important dynamic direction and will certainly
not respond well or even at all. The term receding horizon is commonly used for
predicting future outputs, which means that by going forward at every step we update
the predictions into future and take into account most recent measurements, thus the
prediction horizon stays the same and moves relatively with the current control step.

MPC adopts a system state feedback as a term appearing in the cost function, which
we minimize, generally in the following form:

N

Tuspo(u) =3 | @t Qwirs) + (uei—1) Rluei-1) (4.1)
1=0

where yg4; designates system output at sample k + ¢, similarly for ug4;—1, and Q
and R are weighting matrices. It is important to notice that we sum over N elements
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4. Algorithm design and solving

and to distinguish MPC from objective function used for LQR

o

Tior(@) = Y- | @) Q) + (tipiot) Rluitia) (42)
i=0
It can be demonstrated that by applying LQR the stability is achieved because of the
infinite horizon. However, in case of finite-horizon MPC the stability is not inherently
guaranteed and thus we either analyse its stability a posteriori, or we extend the cost
function with terminal penalty weight Qp, which is basically solution of the Riccatti
equation.

. 4.2 Prediction within state space model

We derive the expression for output predictions of a general discrete MIMO (multiple-
input multiple-output) state space model without any noise, commonly described by
following equations:

Tr+1 = Az + Bug (4.3)

yr = Cxp, + Duy (4.4)

where u € R? is the input vector with p inputs, @ € R™ the state vector with n states,
y € RY the output vector with ¢ outputs, A € R™*" the state matrix, B € R™*P the
input matrix, C' € R?7*" the output matrix and D € R?*P is the feedthrough matrix.
The index k indicates the sample at time k, index k£ + 1 at time £+ 1, ...

We may come out of and from this one-step ahead prediction we may find
recursively an n-step ahead prediction.

Tpin = Az, + An_lB’uk + A”_2Buk+1 + ...+ AB’U,k+n_2 + Bug4n—1 (4.5)

If we can afford to further assume D = 0 and we substitute [4.5 into [4.4] the n-step
ahead prediction for system outputs is then:

Yk4n = CA"xy, + C(AnilB’u,k + An72B’uk+1 + ..+ ABupqn_2+ Buk+n_1)
(4.6)

At this point it is rather appropriate to introduce a modified notation to our expressions,
because if we want to predict into future at a different sample than k as above, it
might not be obvious which samples shall we use. Therefore, the literature comes up
with double subscript ygyijx+m, which tells us we predict the (k + 1)th sample of y
at sample k + m. With reference to double subscripts, we rewrite and for the
same sample k accordingly.

Thtnlk = Alxy + An_lBuk|k + A"_2Buk+1|k + ...+ ABuk+n_2|k + Buk+n_1|k
(4.7)

yk+n|k = CAnCCk =+ C(A”_lBuk|k + A”_QBuk_|_1|k 4+ ...

(4.8)
+ ABUppn_ok + Bugyn_1jk)
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4.3. Unbiased prediction with desired outputs

We notice that the expressions |4.7| and contain term xx without double subscript
indicating it is a measurement, not a prediction. In order to make our equations further
more compact, we introduce another notation for our predictions. It represents a
vector (possibly of vectors - MIMO systems) with first predicted sample comprised in
the index and with arrow indicating past, or in our case future prediction. There is
no information regarding number of future samples being computed, we choose the
horizon completely independently as a certain degree of freedom of our prediction.

Lr+1|k

LTr42|k
Tht1 = . (4.9)
m— .

Lr4nlk

Considering computing all the states up to the sample k +n with the compact notation
and rewriting we obtain:

A B 0 - 0
A? AB B -0
Thy1 = f T + : : L % (4.10)
A" A"'B A"?B ... B
And similarly with
CA CB 0 o0
CA? CAB CB -+ 0
Yr+1 = f TE + : : : U (4.11)
CA" CA"'B CA"’B ... CB
Introducing matrices P and H, we abbreviate into:
Yr4+1 = Pz + H’lﬂc) (4.12)

B 4.3 uUnbiased prediction with desired outputs

Considering obtaining the desired outputs (our reference) from our system, the state
space equations without any disturbances must satisfy the following:

Tas = Axgs + Bugs (4.13)

w = ygs = Cxys (4.14)

where yq4s represent the desired system outputs at the steady state, x4s corresponding
states and ugs appropriate inputs. The system unknowns are designated then directly

by [£.15¢
Tgs | C 0 -
Uds o A — In B
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We further define unbiased (relative to the desired state) outputs, states and inputs
and since we consider linear state space, which holds the superposition principle, we
introduce an unbiased state space representation and an unbiased state space
output prediction [4.21]

Uk = Yk — Yds (4.16)
L = T — Tds (4.17)
Up, = Up, — Ugs (4.18)
Tr+1 = A&y + By (4.19)
k= Coy, (4.20)

(4.21)

B aa Objective function

Model predictive control performs an optimization at each control step regarding the
state feedback and control inputs. The objective measure of the system relations
contains an objective (cost) function, as introduced by This function can generally
take up different forms, however, the equation in our instance is selected utterly
deliberately.

We often use the single terms in a quadratic form, since the quadratic function
always has a unique minimum, thus the optimization outputs no ambiguity. When
considering multiple system variables this term is a product of vector and its transposed
identity. And we multiply each of them with an appropriate weighting matrix, which
is capable of penalising vector elements with different coefficients. With a reference to
the previous section, the purpose of controlling a system is to obtain a desired output
as a steady state, therefore, it is natural to minimize tracking errors and manipulated
inputs, generally unbiased values. The literature presents a suitable generic objective
function accordingly:

N

J(u) =Y {(€k+i)TQ(€k+i) + (urti) T R(uk i) + (Aurti) T Ra(Augi)
=0
(4.22)

where (eg4i) denotes the tracking errors (uk+:) the input deviations and
(Aug4;) the rate of input change [4.25

ekti = Yhtitilk — Whtit1lk (4.23)
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4.5. Generalised predictive control

Ukti = Ugpi|k — Ukti|k(ds) (4.24)

AUpyi = Uppijk — Ukti—1k (4.25)

We simplify the objective function for our case by neglecting the rate of input change
and adjust the notation to match our statements, namely (considering summation
over i indicating the horizon).

N
J(Ug;) = Uket-i T 1 —|—ﬁiTRﬁi 4.26
(Tk44) Zz%[(yk-f- +1)" Q(Jr+ +§) ( k+)) ( k+>) (4.26)

. 4.5 Generalised predictive control

Generalised predictive control (GPC) is an MPC control method, which has all the
above mentioned principles applicable for MPC. The main difference is that it provides
an analytical control law if no constraints are considered. GPC algorithm was proposed
originally in 1987 by Clarke, Mohtadi and Tuffs.

If we use previously derived terms and substitute into we obtain:

N
J(gsi) = Pz + Hgr )T Q(P2y + Hiigr;) + (i) T R(Gp; 4.27
(i) = 3 [ (P + Hin)" QP+ Hihs) + (04" Alfes)] (420

We find the objective function minimum by setting its gradient with respect to the
future input vectors to zero.

OJ (Gie+3)
_ == _ (4.28)
Oty

-

Since we assume matrices Q and R to be diagonal, then Q = QT and R = R”, which
Vi yields:

2(HTQH + R)iig4; + 2HTQP#), =0 (4.29)

Hence for every future considered input sample ¢ at time instance k applies the explicit
control law the expression

Gpri = —(HTQH + R)"'HTQP3y, (4.30)
—

which represents a proposed control input deviation for samples ¢ = 0,1, ...N. However,
the algorithm is based on the receding horizon and thus updates the future control
inputs at every step. Therefore, we apply only the first input sample to the control
while neglecting the remaining computed proposed inputs at the same step. This is
demonstrated by

i = -L(HTQH + R)"'HTQP#y, (4.31)
—

where I is a zero matrix with only unit diagonal elements corresponding to the input
vector at first future sample.
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4. Algorithm design and solving

B 4.6 Quadratic programming and constrained predictive
control

Since all systems naturally work properly only in certain conditions, we often must
ensure that the inputs comply with specified input ranges, or on the contrary we must
guarantee the output limits. In those cases we need to include constraints into our
predictive control algorithm design, while still optimizing the system performance.

For this purpose we introduce a quadratic programming method (QP), which
can optimize a quadratic function of several variables while complying with linear
constraints, as follows. We define the quadratic function F(x):

1
F(x) = §$TG213 +ffx+ec (4.32)

with a symmetric positive definite matrix G € R™ "™, a vector f € R"™ and a con-
stant ¢ € R. Since we want to find the function optimum while determining x, the
solution is completely independent of constant ¢ and the problem can be formulated
accordingly.
L I ¢ T
minitnize 23@ Gx+ f'x (4.33)
subject to Chax < d

By transferring the predictive control cost function into the formulation and
expressing the input constraints generally, we obtain:

N

mipimize Z |:(P£k + H’ak_ﬂ')TQ(Pﬁk + Hﬂk—i—i) + (ﬂk+i)TR(ﬁk+i)
—
[T 0 0 |
0o I 0 [ w ]
: : (4.34)
. 0 0 I u
subject to | I o o | Wkti < u
0o —I 0 :
: |
0 0 —1I

where I denotes the identity matrix for p system inputs, @ designates the vector of

corresponding fixed upper input limits and w the vector of fixed lower limits. However,

the cost function minimizes the differential values dig4;, though the limits has to
—

be determined for the absolute input values. If we rewrite ug4; in terms of Upy;
—

by assuming we alter the vector of limits by substracting the time-varying
unoptimized current known system input ug, which yields [4.36] constraint.

Ukt = U + ﬁk—i—i (4.35)
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4.7. Nonlinear Model Predictive Control

By multiplying the cost function expression and rewriting it in terms of we form
4.36], and by utilizing an appropriate solver we perform the optimization with input
constraints.

N

L L . N A .
minimize Z [(uk_H-)T(QHTQH +2R) (tig4i) + 221 PTQH)T (tig1;)
U+ i—0 2" —5 — —_—

—
(I o0 0 |
0 I .- 0 [ u — uy, |
. 0 0 I | . U — ug
P <
subject to 7 0 - o0 Upti < u+ uy
0o —I 0 :
5 | u+ up |
0 0 —1I|
(4.36)
Similarly, output constraints derivation can be indicated:
[T o0 0 |
0 I 0 [y ]
0 o --- I T
0 -I 0 .
: Ly |
| 0 0 —1I|

where y denotes the vector of upper output limits and y the vector of lower limits.
We abbreviate the left-side matrix with Cy, the right-side vector with d, and express
the outputs in terms of input measures [4.38

C,(Pxy + Hup,;) <d 4.38
y(Pxg k+i) < dy (4.38)

By substituting into equation above and by separating known and unknown terms,
we obtain:

CyHﬁk+i <dy— C'yP:Bk — CyHuk (4.39)

which can be added up to the input constraints by concatenation.

B 4.7 Nonlinear Model Predictive Control

Predictive control strategies have been evolving continuously since the development of
optimal control and various algorithm approaches have been researched so far. Although
they were not being applied in their entire complexity in the early phase, nowadays,
due to the sufficient hardware computation capability, very advanced predictive control
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techniques in combination with sophisticated optimal problem solving tools are being
deployed and successfully implemented. As a further logical step from the previously
presented method, a Nonlinear Model Predictive Control (NMPC) is introduced.

The structure of NMPC algorithm can be mostly interpreted analogously to the
linear MPC. The nonlinear system can be generally described by:

xT = f(x,u) (4.40)

where f: X x U — X provides a nonlinear mapping from current states and control
inputs to the next sample states. The predicted output trajectory can be calculated
iteratively, as follows, up to the Nth sample, starting at £(0) = xo and yields the
dependence upon the future control inputs up to the (N — 1)th sample.

o= k=0,....N —1. 4.41
Lri1 f(%v%) y e ( )

We solve at each time step the optimal control problem given by:

N-1
minfmize Z L(xr(xo !, ’lﬂc))
— k=0
subject to $k+1($02 = [(zx(@o), ug)

(4.42)

If we denote 1@) € RV (xg) as an optimal computed solution up to the (N — 1)th

sample, we use the first future optimal input uj as the system control input for the
next step with rest of calculated values being neglected. However, as we want the
optimization to converge as fast as possible and the optimal problem solvers work
iteratively, we can conveniently use these values for initial estimate for the next sample
calculation.

The optimal control problem presents the basic NMPC algorithm generally
without any applied constraints. While NMPC poses greater requirements onto the
complexity, optimization techniques and computational demands, it is being increasingly
used even in automotive and aerospace applications.
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Chapter 5

Implementing predictive control algorithm

B 5.1 Control synthesis without MPC

In order to implement the torque vectoring predictive control algorithm properly, we
need to clarify the structure of the entire control system with considering driver inputs.
As depicted in fig. which we take as our reference, we assume the driver to have
a full control over longitudinal velocity by observing the actual output velocity from
the vehicle model and comparing it with his desired velocity. The driver applies the
accelerator pedal accordingly, possibly until he reaches maximum, which is represented
by a simple discrete proportional regulator and a saturation limit. The resulting torque
is applied and distributed to each wheel equally.

Control loop without MPC

3.95

Velocity [ms’']
w
©
T

3.85

N
o
T

Torque [Nm]
5
T

time [s]

Figure 5.1: Control algorithm without MPC optimization for lane change maneuver

Assuming the vehicle has a small enough speed, by which the driver does not need
to brake and wants to maintain the speed throughout the maneuver, then by a proper
adjustment of the proportional regulator (K, coefficient reflects the driver’s experience),
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5. Implementing predictive control algorithm

we obtain fig. It is important to state at this point, that the driver inputs do not
contain any delayed responses or imperfections.

. 5.2 Predictive control matrices

As we derived the predictive control matrices P and H in the expression [4.12] we
precompute them before applying to the control law since their form is stationary.

Listing 5.1: Predictive control matrices

% initializing discrete state space system
conss; clearvars -except A B m rw
Ts = 1e-4; [A, B] = conti2disc(A,B,Ts); B(:,5) = [];

% computing predictive control matrices

n = 4; Y horizon parameter
% P array
[rA, cA] = size(A);
P = zeros(rA*n, cA); % pre-allocating
subP = A;
for i = 1:n

for j = 1:rA
P(j+(i-1)*rA,:) = subP(j,:);
end
subP = subPxA; % A n
end

% H matrix
[rB, cB] = size(B);
H = zeros(rB*n, cB#*n); 7 pre-allocating;
subH = B;
for 1 = 1:n
for i = (1:n+1-1)
for j = 1:rB
for k = 1:cB
H(j+(i-1)*rB+(1-1)*rB,k+(i-1)*cB) = subH(j,k);
end
end
end
subH = AxsubH;
end

% creating system control structure

clearvars -except P H Ts m rw n

sys = struct('P',P,'H',H, 'Ts',Ts, 'm',m, 'rw',rw);
sysBus = Simulink.Bus.createObject(sys);
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5.3. Analytical control law

The script initializes discrete system and input matrices and fills them into P and
H accordingly. Since the outputs of our system are the same as its states and thus
matrix C' is and identity matrix, we do not need to consider it in our calculations. We
create a structure of the system parameters and a corresponding bus, which we feed
into MPC function block as fixed parameters.

As we mentioned earlier, there is a logical mismatch between the system inputs
and the inputs, which we want to control. We derived previously the generic model
considering four torques and the steering angle as the model inputs. However, as we
do not intend to control how the driver shall steer in order to track the desired states,
as the first approximation we define the future steering angle input to be zero, just
for purposes of control synthesis. This step is equivalent to erasing the appropriate
column in the input matrix and thus neglecting the input sensitivity or input direction
with respect to the outputs and is performed in the script (listing) |5.1

Listing 5.2: Defining weighting matrices

% defining Q and R weighting matrices
r = ones(4*n,1); R = diag(r);
q = be6*ones(3*n,1); Q = diag(q);

% creating control structure
wgt = struct('R',R,'Q"',Q);
busWgt = Simulink.Bus.createObject (wgt) ;

According to our preferences, we can arbitrarily choose weights corresponding to
individual states and input vector elements, which illustrates the script (listing) (5.2
This parameter setting has a crucial impact on the control performance and behaviour.
Both scripts are executed as an initialization in Simulink InitFcn.

N 53 Analytical control law

In order to deploy the predictive control computation, we define our desired states
and calculate the corresponding deviations regarding the actual dynamic model states.
We may arbitrarily set any desired state value, however, with respect to behavior
and performance of the vehicle, the choice shall be based on a proper estimation of
the achievable dynamic responses. We estimate the longitudinal velocity as a current
measured vehicle velocity and additionally, by taking into account the actual torque
demand, accordingly

deeszvx+/ 4 dt =~ v, + Y kT (5.1)

™MTry mry

The purpose of the torque vectoring algorithm is to make the vehicle dynamics more
efficient, namely reduce the local slip angle and thus the lateral velocity.

Uydes = 0 (52)

Eventually, the most abstract state to choose is the angular velocity, which determines
vehicle behavior the most. We theoretically set it according to [5.3] which reflects the
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5. Implementing predictive control algorithm

Listing 5.3: Control law computation

function [ul,u2,u3,ud] = mpc (sys ,wgt ,u,v_sc,d,vx,vy,omega)

% deviation from desired state

vx_des = vx + v_sc/(sys.m*sys.rw);

vy_des = O0;

omega_des = vx*tan(d);

x_k = [vx - vx_des; vy - vy_des; omega - omega_des];

% control law

H = sys.H; P = sys.P; Q = wgt.Q; R = wgt.R;
u_k = -(H'*xQ*H + R)\(H'*Q*Px*x_k);

ul u+u_k(1);

u2 = u+u_k(2);

u3 = u+u_k(3);

u4 u+u_k (4);

obvious dependence on the longitudinal velocity and the steering angle.
Wees = Vg tan o (5.3)

Nevertheless, it is appropriate to estimate this state more precisely on a real vehicle,
based on experience of how the vehicle shall respond and adjust the control suitably.
The precalculated stationary control matrices are then deployed into the analytical
control law, which outputs predicted control deviation inputs. We assume to add
the driver torque command as the bias to ensure the control reflects the torque
proportionality of the accelerator pedal. The figure 5.2 reproduces the results of an
example analytical control law computation utilizing Generalised Predictive Control
algorithm.

In the previously derived predictive control matrices, we neglected the steering input
sensitivity. Though it still has an impact upon the vehicle behavior. Even though
we cannot directly affect the future steering angle input, it might be generally rather
better to estimate the future steering value as a current value in the entire prediction
horizon than set the prediction to zero. However, the control law computation does
not change its form, since it has been derived for deviation variables.

Proof. If we adjust the state equation of the system to meet the requirement as follows:
Tpy1 = Axp + thuktq + Bstukst (5.4)

where By, consists only of individual torque input sensitivities and uy,, represents
merely torque vector and similarly with Bg; and ug,, for steering input, then we can
write for the output predictions the expression , with Sg¢ and Hyg having similar
composition as H and ug,, being a vector of future steering input values considered as
the current known value for the entire horizon. By a proper cost function minimizing
as explained previously, we obtain [5.6

Yre+1 = ka + th'l_lft_g + Sstukst (55)
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5.3. Analytical control law

B (oti),, = —(H,QHig + R)™ Hy Q(Péy + Ssttir,,) (5.6)

Since the predicted steering angle input stays the same over the predicted horizon, the
differences equal to zero vector and thus

Uk, =0 (5.7)

. _ T 13T A pa
U(k+ti)yg = —(thQth + R) thQPCCk (58)
|

Torque distribution with MPC optimization
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Figure 5.2: MPC algorithm example results for lane change maneuver

The significant impact upon the vehicle behavior has a choice of weighting coefficients
penalising either system states or system inputs. If we assume @ and R to be identity
matrices scaled by prescalers g, and 7, then by varying the ratio of the prescalers we
affect the vehicle performance and it is thus adjustable, as the fig. shows. However,
the weights have to be carefully chosen, properly calibrated and tested on a real vehicle,
in order to avoid possible instability.

The fig. illustrates the advantages of Torque Vectoring and improvements of
handling and vehicle stability. We track the vehicle states and inputs while cornering
with the prescribed input steering angle (1st graph) both with and without Torque
Vectoring System (further used as TVS). This figure (as well as fig. for lane change
maneuver) depicts the optimized torque distribution (TVS) among all wheels (2nd and
3rd graph) and indicates the higher torque deployment onto the outer wheels, which is
typical for all TVS implementations and enhances the vehicle performance. In the 5th
graph we observe the actual longitudinal velocity with the optimized torques of TVS
and graphs 4 and 6 reflect yaw and longitudinal velocity differences, respectively, of an
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5. Implementing predictive control algorithm

Torque distribution based on weighting coefficients
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Figure 5.3: Weighting coefficients influencing torque distribution

optimized (TVS) and common solution at each time step. Applying more torque onto
the outer wheels generates an additional torque onto the whole body frame and results
in increasing yaw velocity (graph 4), which can be considered as a main target of this
optimization, since the vehicle better follows trajectory corresponding to the defined
steering angle and tries to compensate the inertial forces acting onto the body frame.

B 54 Applying quadratic programming

We further establish specific linear constraints for system input measures, modify
the control parameters and test the quadratic programming method to solve the
optimization. For testing purposes, we assume the upper input limit to be 5.9 with
respect to our previous definitions, where uj represents a saturated driver accelerator
input. And we set the lower limit as by which we completely cut negative torque
values off and avoid possible system interaction between TVS and Anti-lock Brake
System, which could be potentially anticipated.

u = ksug (5.9)
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5.4. Applying quadratic programming
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Figure 5.4: Comparison of stability and handling with and without Torque Vectoring
System

The script defines the structure for constraints with respect to number of future
predicted inputs and the corresponding bus is then being deployed as depicted in
into the mpc function This function introduces the available quadratic program-
ming solver quadprog in Matlab environment. The function quadprog is not supported
directly for code generation, hence it must be declared as an external function in order
to be called and since it returns output as type mxArray, the output needs to be
converted by assigning to a variable of a known type.

Several example situations were simulated utilizing both analytical GPC and uncon-
strained MPC quadratic programming algorithm in order to compare their performance
figures. Though it could not be inherently anticipated, they both yielded identical
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5. Implementing predictive control algorithm

Listing 5.4: Defining structure for constraints

7% constraints

c = ones(4*n,1); C = diag(c);

C = vertcat(C,-C);

dupper = ones(4*n,1); dlower = zeros(4*n,1);

con = struct('C',C, 'dupper',dupper, 'dlower',dlower);
busCon = Simulink.Bus.createObject (con);

results and thus both very different methods have been verified.

Furthemore, the quadratic programming for predictive control with defined input
constraints has been simulated, which shows the fig. We observe the saturated
torques by the lower input limit from constrained MPC at those points, where the
GPC algorithm computes a negative torque value. The maximum applied wheel torque
corresponds to ks multiple of the given driver torque input.

Listing 5.5: Applying quadratic programming with constraints

function [ul,u2,u3,u4] = mpc(sys,wgt,con,u,v_sc,d,vx,vVy,
omega)

% deviation from desired state

vx_des = vx + v_sc/(sys.m*xsys.rw);

vy_des = 0;

omega_des = vxxtan(d);

x_k = [vx - vx_des; vy - vy_des; omega - omega_des];

% defining constraints
dupper = con.dupper*1.5%xu - u;
dlower = con.dlower + u;

% control law
H = sys.H; P

sys.P; Q = wgt.Q; R = wgt.R;

C = con.C; D = [dupper; dlower];
S = 2xH'*xQ*H + 2%*R;
f = (2%x_k'*P'*QxH)';

coder.extrinsic('quadprog'); % declares external function
u_temp = quadprog(S,f,C,D);

u_k = zeros(size(dupper)); ’, typecasting

u_k = u_temnp;

ul = u+u_k(1);

u2 = u+u_k(2);

u3 = u+u_k(3);

ud = u+u_k(4);
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5.5. Summary

Similarly, the system states can be restricted, as derived in the previous chapter, which
can prevent vehicle potential instability and improve performance.

GPC vs. MPC with constraints
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Figure 5.5: Comparing torque inputs from GPC and constrained MPC algorithm

M 55 Summary

In all previous example situations, we were utilizing the symmetrical linear state space
model obtained by assuming all the inputs to be zero and thus only considering the
forward vehicle motion. However, if we trim the nonlinear dynamic model around an
other point, we obtain qualitatively different state space model and hence the control
computation will yield different results, as the [5.6] shows. This concept introduces a
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5. Implementing predictive control algorithm

potential multi-model predictive control, which can be utilized in order to improve
performance of control applied to the nonlinear system, where each one of the multiple
controllers operates in a different system region.
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Chapter 0

Conclusions and future work

The content of this thesis describes a procedure and approaches for development of
a torque vectoring algorithm for an all-wheel drive electric vehicle with utilizing of a
simplified planar vehicle dynamic model and predictive control strategies. It presents
the necessary basic dynamic motion laws, creation and validation of a nonlinear
dynamic model with respect to the expected drive configuration, namely four electric
motors actuating each half axle. Furthermore, it introduces the principles of trimming
and linearizing of the model for linear control synthesis and by deploying the derived
predictive control algorithms also the example results and analysis.

The performed simulations yielded convincing results and thus proved suitabilility of
this control approach for the torque vectoring development, which has been the principal
target. Apart from simulation outputs, there have been presented many outlines for
further extensions and development. In order to correctly implement the system onto
the real vehicle, a proper estimation of the desired behavior must be undertaken and
the weighting coefficients must be reasonably chosen and calibrated, possibly even made
adjustable to deliberately alter the vehicle performance. Since we can mathematically
enforce the model to behave in any way, an improper set of weighting coefficients
may destabilize the vehicle by applying unreasonable torque inputs, unless they are
appropriately constrained, hence the constrained model predictive control for both
inputs and outputs shall be deployed. As we know from practical experiences with real
torque vectoring systems of the car manufacturers, the systems provide many benefits
to the vehicle performance figures and will thus be implemented more frequently in
the future.

The greatest impact upon computational results has the created model. Since
the whole dynamic model contains nonlinearities, it is not always an easy task to
find and determine the operating point around which the system shall be linearized
and furthermore, by trimming the model at the specific point we neglect perhaps an
important system behavior and hence the control cannot achieve the optimum, which
can lead to instability. The solution may provide an extended linear MPC controller
capable of switching among various local linearized state space models and thus control
parameters, according to the measured states. Such a method is called multi-model
predictive control and it can handle nonlinear system dynamics very efficiently with
already known techniques. In order to make the algorithm more accurate, we might
apply the nonlinear model predictive control, which is based upon an iterative approach
of predicting the future trajectory, but the optimization conceptually remains the
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6. Conclusions and future work

same. The future is most probably heading in this direction, since it is already
being successfully implemented in various cases, though there are much more complex
procedures of computing the control inputs and it poses much higher requirements onto
the hardware performance and optimization solvers. Though for linear model predictive
control the computational demands are very high as well, especially in dealing with
long prediction horizons and large and extensive systems. The optimization solver or
technique must be then validated and verified in order to ensure compliance of the
convergence time within the control period.

As a future development, the vehicle model shall be extended with more precise
subsystems, either as it has been shown in this thesis, or while considering vertical
dynamics, the model shall reflect suspension tilting when cornering, and its impacts
upon the planar dynamics. In order to synthesise the control properly, there should
be clearly established the desired vehicle behavior, as described within this thesis,
which can be estimated and tuned by performing various tests with a real vehicle.
As indicated and explained in the previous paragraph, the proper control should be
based upon at least multi-model predictive control, or the nonlinear model predictive
control if it guaranteed more reasonable behavior. Even though the more advanced
methods can deliver better results, we rather opt for a reliable and safe solution and
thus perhaps simpler, than to risk passenger safety. Measure twice, cut once!
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Appendix C

Key symbols

SR HzINTHODQEE
NaH] ST \.E ~ \;ﬁ

£ 2MT S0
<.

system matrix

input matrix

output matrix

feedthrough matrix

force vector, force

standard gravity

inertia matrix, inertia

mass

moment vector, moment

torque

vector of inputs

velocity vector, acceleration vector
longitudinal velocity, acceleration
vector of system states

lateral velocity, acceleration

local side slip angle

global side slip angle
steering angle

rolling friction coefficient
rolling resistance coefficient
yaw rate, acceleration
angular velocity vector

95



56



Appendix D

Content of enclosed CD

tMT_JiriTuma_2018.pdf ............................. Master’s thesis in PDF
o o2 compatible with Matlab R2016a and later
| Modelling dynamics and linear analysis
nonlinear model.sSlX ......covvvvvunnrnnn. Nonlinear vehicle dynamics
o2 al=Yelo) 1o U R v YN Symbolic precalculations
=Yoo 2 Finding equilibrium point
con_system.m.........oiiiiiiiiiiiiiiin.., Continuous state space
conti2disc.m.........ooiiiiiiinnn, Continuous to discrete conversion
lin model.slX......coviviniiiiinnnnnnnnn. Linearized vehicle dynamics
| Predictive control algorithm
control_unoptimized.slx...........oovviin... Control without MPC
GPC_algorithm.SlX....c.vviiiiiiiiiiiiiinnennnenn, GPC algorithm
SYStem_Params .M.......ueeeeeeeerrnnnnnnneneeeen. System parameters
welghts.m....ooiiii i Weighting matrices
Constrained MPC.S1X ......cvvirnnennnnnnnnn. MPC with constraints
CONStraintsS .M. ..ttt Constraints definition
I0_dynamic_model.slx......... Undefined 10 - prepared for trimming
trim_I0 model.m..........cooiiiiiinnnnn. Trimming and linearizing
System_params_UNSYM.I......uuuuunnnnnnnnnnnnn. Unsymmetric model
MPC_unsym_model.slxX................. MPC with unsymmetric model
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