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Abstract
This paper presents a method to design a Model Predictive Control to maximize the passengers’ comfort in assisted and
self-driving vehicles by achieving lateral and longitudinal dynamic. The weighting parameters of the MPC are tuned off-
line using a Genetic Algorithm to simultaneously maximize the control performance in the tracking of speed profile, lat-
eral deviation and relative yaw angle and to optimize the comfort perceived by the passengers. To this end, two comfort
evaluation indexes extracted by ISO 2631 are used to evaluate the amount of vibration transmitted to the passengers
and the probability to experience motion sickness. The effectiveness of the method is demonstrated using simulated
experiments conducted on a subcompact crossover vehicle. The control tracking performance produces errors lower
than 0.1 m for lateral deviation, 0.5� for relative yaw angle and 1.5 km/h for the vehicle speed. The comfort maximization
results in a low percentage of people who may experience nausea (below 5%) and in a low value of equivalent accelera-
tion perceived by the passenger (below 0.315 m=s2 ‘‘not uncomfortable’’ by ISO 2631). The robustness at variations of
vehicle parameters, namely vehicle mass, front and rear cornering stiffness and mass distribution, is evaluated through a
sensitivity analysis.
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Introduction

A primary current focus in the automotive industry is
the development of advanced solutions exploiting
electronic and electromechanical devices for sensing,
actuation and control tasks, intending to improve
performance, safety and sustainability.1

Many of these techniques, known as Advanced
Driver Assistance Systems (ADAS), are designed to
help the driver controlling the vehicle and are entitled
to intervene in case of dangerous maneuvers, driver dis-
traction and high-risk situations. These systems warn,
signal and, in some cases, may intervene to mitigate the
effect of potential distraction errors of drivers, which
are the cause of 40:8% of car accidents.2 Over the last
years, these systems have been gradually introduced in

vehicles in parallel with the rising level of driving auto-
mation, that is currently settled at the third level of
Society of Automotive Engineering (SAE) definition.3

The affirmation of ADAS and the progressive intro-
duction of autonomous cars on the road aim to change
the driving experience. It is predicted to improve many
aspects, such as the efficiency of steering, throttle and
braking action and, in general, safety. Considerable
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works have been done to develop reliable and perform-
ing control strategies to improve the lateral and longi-
tudinal behavior of the vehicle in every driving
condition.4 Some control strategies are based on a geo-
metric definition of the vehicle model and are mostly
used for steering control due to the simplicity of the
approach.5,6 However, they are not suitable for passen-
ger vehicles since the dynamic is not negligible. A possi-
ble alternative is represented by dynamic controllers
which rely on a dynamic definition of the reference
model, as the Model Reference Adaptive Control
(MRAC).7,8 The well-known PID strategy is often used
to control either the longitudinal or the lateral
dynamic.9,10 However, these proposed approaches are
tested in a particular scenario and the speed does not
exceed 35 km/h. A fuzzy sliding mode control is pro-
posed for the vehicle steering actuation at constant
speed in Dai and Lee11 while a neural network is used
to adjust the control gain as well as realize the variable
gain sliding mode control in Wan et al.12 Model-based
controllers may be applied in combination with PID,
like in Levinson et al.,13 Marcano et al.,14 and Feraco
et al.,15 where longitudinal and lateral guidance are
simultaneously achieved using a Model Predictive
Control (MPC) and a PID. MPC is mostly applied in
assisted and automated vehicles since it can handle
effectively Multi-Input Multi-Output (MIMO) systems
with input and state constraints. The formulation could
consider non-linear vehicle model,1,16 as well as lineari-
zation of the model around the working point, as pre-
sented in Carvalho et al.17 The vehicle state estimation
can also be addressed in the formulation of an MPC,
like in Yu et al.18 where an unscented Kalman filter is
used.

Although extensive, the literature related to control
strategies for performance and safety improvement for
assisted and automated vehicle does not address
exhaustively the optimization of the passengers’ com-
fort. Some works make a retrospective evaluation, like
in Ren et al.19 where different control strategies are
analyzed and their effectiveness is assessed through
three indexes, one of them is the ride comfort index.
Although comfort criteria (such as the ones based on
ISO 2631 or on the maximum allowable jerk and accel-
eration) are well known in common practice,20 to the
best of the authors’ knowledge, a few control design
techniques focusing on comfort optimization are pres-
ent in the literature. A cascade steering control strategy
for autonomous ground vehicles to prevent the velocity
from exceeding a specific comfort region is presented in
Whitsitt and Sprinkle21 where a preliminary collection
of data is necessary to define the comfort region appro-
priately. An alternative approach is presented in
Mohseni et al.,22 where an optimal control problem is
defined to reduce fuel consumptions and improve the
passenger comfort, by minimizing accelerations and

jerk. Although the formulation is encouraging, the
application of this method is limited to cooperative in
standard traffic scenarios. The adoption of weighted
root mean square acceleration (WRMSA) as a comfort
index, is proposed in Du et al.23 and Eriksson and
Svensson.24 Different velocity control strategies are
presented in Du et al.23 Each strategy is designed to
guarantee the comfort in a particular driving phase,
and it should be selected on the basis of the driving
condition, limiting the generality of the method. On the
other hand, a lateral path planner is hand-tuned using
the WRMSA index in Eriksson and Svensson.24

The objective of this paper is to propose a method
for the design of a control strategy that optimizes the
comfort perceived by the passengers and is effective in
the tracking control performance. The method is con-
ceived to be applied in assisted and autonomous vehi-
cles and exploits an MPC-based architecture. The
proposal is different from previous literature works
because it aims to be effective in a wide range of driving
conditions, it includes both lateral and longitudinal
dynamics, it proposes an off-line method for the
weighting parameters of the MPC that has never been
presented in previous works. The control is designed
for a subcompact crossover SUV. The model embedded
in the MPC is a two degrees of freedom (DOF). The
cost function of the MPC is designed to guarantee sta-
bility of the vehicle, the tracking of the speed profile
and minimization of the acceleration along the three
axes transmitted to the passengers. This function
exploits three coefficients to weight the speed tracking
error, lateral deviation and relative yaw angle. These
weights are designed offline by means of a Genetic
Algorithm (GA) that selects the optimal parameters by
minimizing a fitness function that is expressed as the
inverse of an equivalent acceleration coefficient, pro-
vided by the standard ISO 2631 (‘‘Mechanical vibration
and shock – Evaluation of human exposure to whole-
body vibration’’).25

The method is tested with simulation experiments
conducted in Matlab/Simulink environment using a 14
DOFs vehicle model. The tests are performed using a
highway and extra-urban scenarios considering the
legal speed limits. The performance of the proposed
method is evaluated considering the requirements of the
ISO 2631 in terms of equivalent acceleration coefficient
and Motion Sickness Dose Value (MSDV). A sensitiv-
ity analysis is performed to study the behavior of the
control when varying the load of the vehicle, front and
rear cornering stiffness and load distribution. Further
validation of the effectiveness of the approach is con-
ducted comparing the presented MPC based method
with a decoupled control strategy exploiting the combi-
nation of an MPC and a PID for the lateral and longi-
tudinal control, respectively. The controller parameters
of this second approach have been designed using the
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same genetic algorithm approach to guarantee the same
design methodology as for the proposed MPC method.
The obtained results demonstrate the validity of the
approach, which resulted in a ‘‘not uncomfortable’’ eva-
luation according to the ISO equivalent acceleration
and a probability of experiencing nausea and sickness
lower than 3.5%.

The novel contributions of this paper are: (a) the
design of a vehicle dynamic control that maximizes the
comfort perceived by the passengers by respecting the
tracking control requirements along lateral and longitu-
dinal directions; (b) a method for the off-line tuning of
the MPC weighting parameters by means of a Genetic
algorithm whose cost function is based on comfort
index evaluation extracted from ISO 2631.

The paper presents the method in Section 2 where vehi-
cle modeling, definition of the comfort evaluation indexes,
control design and MPC weighting parameter selection
are discussed. The results are presented in Section 3 in the
following three analyzes: (a) control tracking and comfort
performance evaluation, (b) comparison with a decoupled
MPC and PID control strategy, and (c) control robustness
analysis when varying vehicle parameters.

Method

The layout of the proposed method is illustrated in
Figure 1. The environment perception task receives as
input the data from the sensors installed on the vehicle
namely cameras, lidars, GPS. The fusion of this data
provides information about the environment surround-
ing the vehicle. Specifically, the lane boundaries, the
presence of obstacles and traffic signs are detected.
Owing to this information and the real time measure-
ments of the vehicle states, a reference trajectory and a
speed profile are computed.

In this work, the reference trajectory corresponds to
the center line of the lane and it is computed as the
average between the right boundary of the lane and the
left one. The reference speed profile to follow the

generated trajectory is based on two different criteria.
The first one is related to the geometry of the road
while the second one limits the lateral acceleration.
Thus, the vehicle’s reference velocity is imposed equal
to the minimum value between the maximum velocity
imposed by the road geometry and the velocity com-
puted limiting the lateral acceleration. Afterwards,
MPC provides the wheel steering angle and the accel-
eration/deceleration command to ensure the automated
vehicle guidance along the generated trajectory. The
controller parameters (Q11, Q22, Q33) are tuned off-line
by means of a Genetic algorithm that is used to mini-
mize the equivalent acceleration aeq on the basis of the
vehicle accelerations.

Vehicle modeling

In this section, the vehicle model embedded in the MPC
and the verification model used for the validation of the
method are illustrated.

Reference model for MPC. The reference model for MPC
is based on a bicycle representation of the vehicle.26

Referring to Figure 2, x and y are the coordinates of

Figure 1. Layout of the proposed method.

Figure 2. Bicycle vehicle model.

Luciani et al. 3



the center of mass (CoM) in an inertial reference frame
X , Yð Þ, c is the heading angle and _x and _y are the longi-

tudinal and lateral velocities respectively, lf and lr rep-
resent the distance of CoM from the front and rear
axles respectively, b is the angle between the CoM cur-
rent velocity V and the longitudinal axis of the vehicle.

When lateral dynamic is considered, the equations
of motion are computed applying the second
Euler equation along y axis and the moment balance
along z axis.

may = � mvx _c + Fyf + Fyr ð1Þ

Izz c = lf Fyf � lrFyr ð2Þ

where Fyf and Fxr denote lateral forces applied respec-
tively to front and rear wheels, along vehicle- fixed y
axis. The lateral tire force is proportional to the slip
angle of the tire

Fyf = 2Caf d � uVf

� �
= 2Caf af ð3Þ

Fyr = 2Car �uVrð Þ = 2Carar ð4Þ

where Caf and Car denote the cornering stiffness of
front and rear tires. To compute uVf and uVr , the fol-
lowing relations can be used:

tan uVf

� �
=

vy + lf _c
vx

ð5Þ

tan uVrð Þ =
vy + lr _c

vx
ð6Þ

In the MPC formulation, a linearized vehicle model
is considered. If the assumption of small angles is veri-
fied, the following approximation is valid

uVf =
vy + lf _c

vx
ð7Þ

uVr =
vy + lr _c

vx
ð8Þ

To define explicitly the controlled variable, the equa-
tions (1) and (2) are organized in terms of errors with
respect to the road, lateral deviation, and relative yaw
angle. As shown in Figure 3, the lateral deviation e1 is
defined as the distance between the center of mass of
the vehicle and the closest point on the desired path
while the relative yaw angle e2 indicates the angle
between the vehicle’s center line and the tangent at the
desired path. If small relative yaw angle and constant
curvature k are assumed,

_e1 = vy + vxe2 ð9Þ

e2 = c � cdes ð10Þ

where

_cdes = vxk ð11Þ

The longitudinal dynamics is implemented through a
first order transfer function that incorporates a lag in
tracking desired acceleration.26

ax =
1

ts + 1
ax, des ð12Þ

The resulting state space representation of the model
embedded in the MPC is

 vx
vx
:

vy
 c
_e1

_e2

:

2

6666664

3

7777775
=

� 1
t 0 0 0 0 0

1 0 0 0 0 0

0 0 � 2Cf + 2Cr
mvx

�Vx � 2Caf lf �2Car lr
mvx

0 0

0 0 � 2Caf lf �2Carlr
Izvx

�
2Caf l2f + 2Carl2r

Izvx
0 0

0 0 1 0 0 Vx
0 �k 0 1 0 0

2

66666664

3

77777775

vx
:

vx
vy
_c

e1

e2

2

6666664

3

7777775
+

1
t 0

0 0

0
2Caf

m
0

2lf Caf
Iz

0 0

0 0

2

6666664

3

7777775

vx
:

d

� �
ð13Þ

The main parameters of the subcompact crossover
SUV considered in this study are reported in Table 1.

Figure 3. Vehicle model in terms of lateral deviation e1 and
relative yaw angle e2:

4 Advances in Mechanical Engineering



Verification model. The verification model consists of a 14
DOFs vehicle model implemented in Simulink. A six
degrees of freedom rigid two-axle vehicle body is used
to represent the longitudinal, lateral, vertical, pitch, roll
and yaw motions. The model considers body mass,
inertia, weight distribution between the axles due to sus-
pension and suspension forces and moments. A two
degrees of freedom wheel model is applied. It imple-
ments the vertical and lateral behavior of a wheel
adopting the Pacejka Magic Formula. To simplify the
analysis, lumped unsprung and sprung masses are used,
the steer angle of the left and right wheels is assumed to
be the same and the tires are assumed to be always in
contact with the ground.26 Figure 4 represents the block
scheme of 14 DOFs model. The inputs of the plant are
the wheel steering angle (d), the longitudinal accelera-
tion ax and the friction coefficient m. The suspension
block implements an independent mapped front sus-
pension and a mapped solid axle rear suspension.
Assuming massless suspensions, the suspension forces
and moments applied to the vehicle are equal to the sus-
pension forces and moments applied to the wheel. The

suspension forces and moments (Fsusp, Msusp) are the
inputs of the vehicle and wheels blocks. Afterwards, the
vehicle block feedbacks the front and rear axles displa-
cements and velocities while the wheel block computes
the vehicle forces, the moments applied to the vehicle
along fixed axes (Fw, Mw) and the displacement and
velocity of the wheel along z-axis (pz, w, vz, w).

Definition of comfort evaluation indexes

In the recent past, comfort evaluation was addressed
considering mainly ergonomic factors such as seat
vibrations and noise. The introduction of assisted and
autonomous vehicles suggested to include additional
indexes related to natural movements, motion sickness,
disturbances and apparent safety in the analysis.27

Qualitative definitions of comfort and ride quality
are provided by ISO 5805, which defines comfort as a
‘‘subjective state of well-being or absence of mechanical
disturbance in relation to the induced environment
(mechanical vibration or repetitive shock),’’ and ride
quality as a ‘‘degree to which the whole subjective

Figure 4. Block scheme of the 14 DOFs vehicle model.

Table 1. Main parameters of the considered vehicle.

Parameter Symbol Value Unit

Mass m 1270 kg‰ �
Inertia Izz 1550 kg � m2

� �

Distance from CoM to front/rear axle lf =lr 1:02=1:9 m‰ �
Front/Rear cornering stiffness Caf =Car 65765=49517 N=rad‰ �

Luciani et al. 5



experience (including the motion environment and associ-
ated factors) of a journey is perceived and rated as
favourable or unfavourable by passengers or operators.’’
The comfort is thus influenced by environment physical
factors and individual sensitivity to them while the ride
quality is a metric describing a person’s subjective per-
ception of a vehicle ride.

On the other hand, a quantitative evaluation of the
comfort can be conducted based on ISO 2631 which
defines metrics to quantify the whole-body vibration in
relation to human health and comfort, probability of
vibration perception and incidence of motion sickness.

In this study two indexes extracted from ISO 2631
have been considered. The first one (aeq) considers an
equivalent acceleration along the x and y axes while the
second one (MSDV ) studies the probability to experi-
ence motion sickness.

The computation of the first index is obtained as
indicated in Figure 5.

A Fast Fourier Transform (FFT) is applied to the
longitudinal and lateral accelerations ax and aY : The
resulting accelerations in frequency domain are multi-
plied by a weighting function Wd (illustrated in dashed
line in Figure 6) and afterwards the root mean square
(RMS) is computed. The resulting frequency weighted
root mean square (WRMS) along the main axes is

aWi, RMS =
1

T

ðtf

t0
a2

Wi
tð Þdt

� 	1
2

ð14Þ

where Tf is the integration time, aWi the instantaneous
frequency weighted acceleration, Wi frequency weighted
function, and aWi, RMS the root mean square of aWi .

The equivalent acceleration index is then calculated
multiplying the frequency-WRMS acceleration compo-
nents by squared axis coefficients (kx, ky) which are
depending on the type of transportation and are speci-
fied by the ISO.

aeq = (k2
x a2

x, W + k2
y a2

y, W )
1
2 ð15Þ

where ax, W , ay, W are the weighting RMS accelerations
with respect to the orthogonal x, y axes respectively.

The longitudinal and lateral coefficients kx and ky are
equal to 1.

The evaluation of the comfort based on the equiva-
lent acceleration index aeq is obtained approximate
reactions at various magnitudes of the index provided
by the ISO 2631 and presented in Table 2.

The second index aims to evaluate the probability of
the motion sickness occurrence as an effect of the oscil-
latory motion. As a matter of fact, motion at frequen-
cies lower than 0:5Hz can produce motion sickness in
the passengers and the likelihood of nausea symptoms
increases with increasing duration of motion exposure.
The index Motion sickness dose value (MSDV) is

Figure 6. Amplitude response of the weighting function
Wd(dashed line) in ISO 2631-1 and Wf (solid line) in MSDV.

Table 2. Likely reactions to various magnitudes of overall
vibration total values, specified in ISO 2631-1.

aeq<0:315m=s2 Not uncomfortable
0:315m=s2<aeq<0:63m=s2 A little uncomfortable
0:5m=s2<aeq<1m=s2 Fairly uncomfortable
0:8m=s2<aeq<1:6m=s2 Uncomfortable
1:25m=s2<aeq<2:5m=s2 Very uncomfortable
aeq ł 2m=s2 Extremely uncomfortable

Figure 5. Procedure to calculate the equivalent acceleration.
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proposed by the standard to measure the probability of
this occurrence and it is computed with the same
method as the first index aeq illustrated in Figure 5. The
resulting index is:

aMSDV =

ðTf

t0
aWf tð Þ
� �2

dt

 !1
2

ð16Þ

where Tf is the full period of exposure, aWi the instanta-
neous frequency weighted acceleration, Wf is the a
frequency weighted function showed in solid line in
Figure 6. Although people reactions to low frequency
motion are linked to the personal susceptibility, ISO
2631 indicates that the percentage who may vomit is
approximately given by

aMSDV %‰ � = Km � aMSDV ð17Þ

where Km is equal to 1=3.

MPC design

A MPC is adopted to control the lateral and longitudi-
nal dynamics of the vehicle. As illustrated in Figure 1,
the architecture of the control strategy is composed of
an optimizer, performing the on-line optimization, and
an embedded reference vehicle model (equation (13)),
used to obtain the optimal actions for the control mea-
sures. The inputs to the MPC are: (1) the previewed
curvature k0, which is the sequence of the upcoming
road curvature values, (2) lateral deviation e1, (3) rela-
tive yaw angle e2, and (4) the reference velocity Vref .
The output of the MPC is the front-wheel steering
angle d and the desired longitudinal acceleration to
track a specific path ax. Based on the reference velocity,
the MPC computes the desired acceleration to track
the velocity and, minimizing the lateral deviation e1

and the relative yaw angle e2, the steering command is
provided to the vehicle to maintain the center line and
follow the trajectory.

Given the control sampling interval Ts, that is the
command output ratio, at each time step k (corre-
sponding to the time instant t = kTs) the controller
receives the current states x kð Þ of the vehicle and solves
an open-loop optimal control problem to determine the
optimal commands u kð Þ, :::, u k + Hc � 1ð Þ, where Hc is
the control horizon. The optimization relies on a pre-
diction of the behavior of the vehicle over an interval
k, k + Hp
� �

, where Hp is called the prediction horizon
that is based on the embedded reference vehicle model.
The generation of the control commands derives from
the optimization of a cost function J kð Þ over the pre-
diction period k, k + Hp

� �
, subject to the operational

constraints. When the optimal values are found by the
controller, only the first control action of the optimal

control sequence is applied to the system. Then, the
prediction horizon is shifted one step forward and, over
the shifted horizon, the prediction and optimization
procedure are repeated using new system measure-
ments. Thus, the optimization problem to be solved at
each time step is:

min
u

J =
XNy

j = 1

XHp

i = 1

yj k + ijkð Þ � yj, ref k + ijkð Þ


 



Qy

+
XNu

j = 1

XHp�1

i = 0

uj k + ijkð Þ � uj k + i � 1jkð Þ


 



Ru

subject to x k + j + 1jkð Þ = Ax k + jjkð Þ
+ Buu k + jjkð Þ + Bdv k + jjkð Þ

x kjkð Þ = x kð Þ
y k + jjkð Þ = Cx k + jjkð Þ
ju k + jjkð Þ � ulimit

ð18Þ

where u is the control command, yj(k + ijk) is the pre-
dicted value of the j-th output plant at the i-th predic-
tion horizon step, yj, ref (k + ijk) is the reference value
for the j-th output plant at the i-th prediction horizon
step. The weighted norm of the vector y = y1, y2, y3‰ �
and u = u1, u2‰ � are equal to:

yj k + ijkð Þ � yj, ref k + ijkð Þ


 



Qy
= y k + ijkð ÞT Qyy k + ijkð Þ

uj k + ijkð Þ � uj k + i � 1jkð Þ


 



Ru
= uj k + ijkð ÞT

Ruuj(k + i � 1jk)

Qy = diag Q11, Q22, Q33‰ �ð Þ and Ru = diag R11, R22‰ �ð Þ are
the design matrices chosen according to the desired per-
formance trade off. Q11, Q22, and Q33 are the weighting
parameters for the velocity, lateral deviation and rela-
tive yaw angle respectively. Afterwards, the optimiza-
tion problem is solved by a standard quadratic program
(QP) solver based on Knows What It Knows (KWIK)
algorithm.28

Selection of MPC weighting parameters

The achievement of comfort optimization and vehicle
control performance relies on the tuning of the weight-
ing parameters of the matrix Qy. The system require-
ments that have been considered are:

- tracking velocity error Vx, err � 2 km=h‰ � ,
- lateral deviation e1j j � 0:10 m‰ � ,
- relative yaw angle e2j j � 2 deg‰ �.

On the basis of these specifications, the lower and upper
bounds of the weighting parameters have been defined:

Luciani et al. 7



0\Q11\100

0\Q22\50

0\Q33\0:5

The most suitable set of weighting parameters in
terms of comfort optimization have been selected
among all the possible combinations of Q11, Q22, and
Q33 by means of a Genetic Algorithm (GA). This
method is widely adopted in several engineering prob-
lems for identification and optimization tasks.29,30 It is
based on an iterative process of selective reproduction
acting on a set of solutions to a given problem. The fit-
test solution is a global optimum and is the one surviv-
ing along the generations. The common working
principle of a GA is depicted in Figure 7.

A GA works on a population composed by a certain
number of solutions, called chromosomes. The chromo-
somes are the transliteration of all the parameters of the
solution. Each chromosome is made by genes which
can be encoded by binary or floating numbers. After
the first population is randomly created, each chromo-
some is compared to the others in the population and
evaluated through a fitness functions that indicates how
successful the solution is. Higher is the fitness rating,
higher the quality of the solution and the possibility to
mate and yield more fitter individuals. The following
populations are generated to encode better solutions
using genetic operators, also known as evolution opera-
tors, namely elitism, crossover, and mutation.

In the present study, a population of 20 individuals
in 60 generations is considered. The Arithmetic
Crossover Procedure and the Uniform Mutation
Method are adopted as genetic operators. The selection
of the best individuals is performed using a Normalized

Geometric selection since the individuals in the popula-
tion have very close fitness values. This method assigns
a probability to each individual based on the rank of
solutions after they are sorted. The stop condition is
satisfied when the maximum number of generations is
reached. In the proposed solution, each chromosome k
of the i-th generation is encoded as a vector of real
numbers:

X i
k = xi

k, 1, xi
k, 2, xi

k, 3

h i
ð19Þ

where xk, 1, xk, 2, xk, 3‰ � = Q11, Q22, Q33‰ � and assume val-
ues included within the ranges above defined. The fit-
ness function Fobj is determined to optimize the comfort
perceived by the passengers and is equal to

Fobj =
1

aeq
ð20Þ

where aeq is computed applying equation (2). The index
MSDV could be used equivalently instead of aeq: A fit-
ness function combining the two indexes has been
tested without benefits. The GA design procedure is
the following:

(1) An initial population is randomly generated
(20 individuals).

(2) The vehicle simulation is performed, and the
acceleration data are collected and post-
processed to get aeq.

(3) The fitness value is computed for each
chromosome.

(4) The best set of chromosomes are selected
implementing the Normalized Genetic
selection.

Figure 7. Genetic algorithm working flow.
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(5) The survivor selection based on elitism is
applied to do not lose potential fittest solutions
in the next generation.

(6) New individuals are generated applying the
Arithmetic Crossover procedure.

(7) To introduce and maintain diversity in the pop-
ulation Uniform Mutation Method is applied.

(8) A new population is created according to Fobj.
Steps 2–7 are evaluated until the 60-th genera-
tion is reached.

The tuning of the parameters has been conducted con-
sidering several driving scenarios in the following cate-
gories: urban, extra-urban and highway. This design
choice allows providing a result that is general with
respect to the driving conditions.

Figure 8 and Table 3 shows the graphical and
numerical convergence trends of the best chromosome.
The identified parameters are Q11 = 18:22, Q22 = 14:02,
and Q33 = 0:10:

Results and discussion

The evaluation of the proposed method effectiveness is
conducted in three cases: (a) analysis of control tracking
performance and passenger comfort evaluation on a
highway and extra-urban scenarios; (b) comparison of
the proposed method with an alternative control strategy
based on a MPC and PID for the longitudinal and lat-
eral dynamics respectively; and (c) sensitivity analysis of
the proposed method when varying the values of mass,
cornering stiffness and mass distribution of the vehicle.

MPC performance analysis

The control strategy is tested in a highway and extra-
urban scenarios to evaluate the passenger comfort and
tracking performance. The road scenarios in XY

reference frame and the corresponding curvatures k are
reported in Figure 9. The highway scenario is modeled
with three lanes and features a minimum curvature
radius of 215 m‰ � while the extra-urban scenario has only
two lanes and presents lower curvature radius values.

Figure 10 presents the results obtained in the two
scenarios: (a) is the highway and (b) is the extra-urban
scenario in terms of lateral deviation (subplots a.1 and
b.1), comparison between the reference and the actual
speed (subplots a.2 and b.2), relative yaw angle (sub-
plots a.3 and b.3), front wheel steering angle (subplots
a.5 and b.5), longitudinal acceleration (subplots a.4 and
b.4) and lateral acceleration (subplots a.6 and b.6).

In both scenarios, the tracking control performance
are satisfied. The longitudinal velocity is tracked with
an error that is much smaller than 2 km=h‰ � (Figure
10(a.2) and (b.2)), the lateral deviation is always within
the range 6 0:05 m‰ �(Figure 10(a.1) and (b.1)) and rela-
tive yaw angle variations are smaller than 0:4 deg‰ �
(Figure 10(a.3) and (b.3)), as expected. The front wheel
steering angle d is always in the range 6 1:5 deg‰ �
(Figure 10(a.5) and (b.5)) while the maximum value of
longitudinal acceleration is 3:8‰m=s2] in the highway
scenario (Figure 10(a.4)). The lateral acceleration
reaches its maximum value of 2:9 m=s2‰ � in the extra-
urban scenario (Figure 10(b.6)). The passenger comfort
is evaluated by means of the two indexes. The equiva-
lent acceleration index aeq is ‘‘not uncomfortable’’ (see
Table 2) in both cases. The second index aMSDV reveals
that the probability of people who may experience
motion sickness is equal to 3:4% and 4:9% for the
highway and the extra-urban scenario respectively.
This percentage has to be considered as the worst-case
condition and are aligned with the expected results.

Comparison with a decoupled strategy based on
MPC and PID

An additional validation of the effectiveness of the pro-
posed approach is obtained comparing it with a

Figure 8. Convergence trends of the best chromosome for
the coupled control strategy.

Table 3. Fitness function values of the best chromosome
among all the generations.

Generation Q11 Q22 Q33 Fobj

1 30.63 19.48 0.12 6.156
3 18.90 19.81 0.18 6.159
5 39.93 9.08 0.30 6.165
12 48.69 4.64 0.24 6.178
17 76.73 4.64 0.24 6.178
20 18.22 4.64 0.24 6.180
22 66.71 4.64 0.24 6.183
24 18.22 14.89 0.24 6.187
51 18.22 14.89 0.25 6.187
53 18.22 14.01 0.10 6.190
60 18.22 14.01 0.10 6.190
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decoupled control strategy based on a MPC and a PID
to control the lateral and the longitudinal dynamics
respectively. As shown in Figure 11 which replaces the
MPC control block in Figure 1, the inputs to the MPC
are: the previewed curvature k0; lateral deviation e1;
relative yaw angle e2; and the longitudinal vehicle velo-
city Vx. The output of the MPC is the front-wheel

steering angle d. On the other hand, the inputs of the
PID are the reference velocity Vref and actual vehicle
velocity Vx. The PID command is the desired longitudi-
nal acceleration ax.

Also for this control strategy, a Genetic Algorithm
is applied to tune the control parameters on the basis
of the comfort index aeq. The applied procedure is the

Figure 10. Results obtained in the highway scenario: (a) Highway scenario, (b) Extra-urban scenario, (a.1-b.1) Lateral deviation e1,
(a.2-b.2) Reference velocity Vref (red dashed line) versus Actual longitudinal speed Vx (solid black line), (a.3-b.3) Relative yaw angle e2,
(a.4-b.4) Longitudinal acceleration ax , (a.5-b.5) Front wheel steering angle d, and (a.6-b.6) Lateral acceleration ay .

Figure 9. (a) Highway scenario and road curvature k m�1
� �

and (b) Extra-urban scenario and road curvature k m�1
� �

.
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same as that explained in section ‘‘Selection of MPC
weighting parameters’’. In this case, each chromosome
is composed of the weighting values of the Qy matrix in
the MPC cost function and the PID parameters:

X i
k = ‰xi

k, 1, xi
k, 2, xi

k, 3, xi
k, 4, xi

k, 5� ð21Þ

where xk, 1, xk, 2, xk, 3, xk, 4, xk, 5‰ � = Kp, Ki, Kd , Q11, Q22

� �
:

The identified parameters are Q11=95:71, Q22=0:53,
Kp = 5:87, Ki= 0:98, Kd = 0:97.

Afterwards, the controller is tested on the scenarios
illustrated in Figure 9. The performance of the
decoupled control strategy is shown in Figure 12, that

is structured as Figure 10. As expected, the comfort
performance is nearly equal to the proposed method
since only the longitudinal control has been changed.
For this reason, the longitudinal dynamic is less rele-
vant with respect to the lateral for the comfort evalua-
tion. However, good comfort evaluation results are
obtained at the expense of lower control tracking per-
formance. The lateral deviation, the relative yaw angle
and speed tracking are indeed slightly worse than the
single MPC case. In particular, the lateral deviation is
in the range 6 0:6 m‰ � (Figure 12(a.1) and (b.1)) and the
relative yaw angle is within 0:5 deg‰ �. The speed profile
(Figure 12(a.2) and (b.2)) is well-tracked while the

Figure 11. Scheme of MPC and PID control strategy. The two blocks replace the MPC control block in Figure 1.

Figure 12. Results obtained in the highway scenario: (a) Highway scenario, (b) Extra-urban scenario, (a.1-b.1) Lateral deviation e1,
(a.2-b.2) Reference velocity Vref (red dashed line) versus Actual longitudinal speed Vx (solid black line), (a.3-b.3) Relative yaw angle e2,
(a.4-b.4) Longitudinal acceleration ax , (a.5-b.5) Front wheel steering angle d, and (a.6-b.6) Lateral acceleration ay .
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maximum longitudinal acceleration increases up to
4:2 m=s2‰ � in the highway scenario (Figure 12(a.4)). The
front wheel steering angle as well as the lateral acceleration
are almost equal to the ones presented in Figure 10.

Sensitivity analysis

The last analysis is conducted to validate the robustness
of the proposed control strategy at variation of four
vehicle parameters: mass, front and rear cornering stiff-
ness and mass distribution. The map of the variations
of the parameters is illustrated in Table 4. Five different
parameter combinations are considered. The setting of
the vehicle with the parameters assuming their nominal
values is called Case 0. The mass is changed to consider
the variation of load, the cornering stiffness is altered
to simulate different types of tires and the mass distri-
bution is modified to take into account the variation of
the center of mass.

For the five settings, the simulation has been per-
formed on the extra-urban scenario and the mean and
peak values of the longitudinal speed error, lateral
deviation, relative yaw angle, wheel steering angle,
longitudinal and lateral acceleration have been recorded
and are reported in Table 5.

This analysis highlights that the control is robust at
the variation of the above mentioned four parameters.
As it is evident from the table, the main difference is
recorded at varying the mass distribution. The velocity
mean error increases up to 2:353 km=h‰ � while in the
other cases it is mostly 1:45 km=h‰ �. Apart from Case 4,
the values of velocity mean error, lateral deviation, rela-
tive yaw angle, front wheel steering angle and accelera-
tions confirm a constant trend, and they are almost
equal to the ones reported for Case 0. Furthermore, the
negligible variations in the values corresponding to the
lateral and longitudinal accelerations confirm that the
comfort evaluation is not significantly affected. The lat-
eral acceleration decreases by 0:012 m=s2‰ � along with
the different cases while the longitudinal acceleration is
almost equal to Case 0.

Conclusion

In this paper, an MPC designed to optimize the track-
ing of speed profile, lateral deviation and relative yaw
angle and maximize the passenger comfort has been
proposed. The passenger comfort was maximized
through an appropriate choice of the weighting para-
meters of the controller. The parameters have been

Table 4. Vehicle parameters for sensitivity analysis.

Case Mass kg‰ � Cornering stiffness [front, rear] Nrad�1
� �

Mass distribution m‰ �

Value Variation wrt nominal
value (Case 0)

Value Variation wrt nominal
value (Case 0)

Value Variation wrt
nominal value (Case 0)

0 1270 0% 65765, 49517‰ � 0% 1:02, 1:89‰ � 0%
1 1610 +27% 65765, 49517‰ � 0% 1:02, 1:89‰ � 0%
2 1270 0% 78918, 59420‰ � +20% 1:02, 1:89‰ � 0%
3 1270 0% 52612, 39613‰ � �20% 1:02, 1:89‰ � 0%
4 1270 0% 65765, 49517‰ � 0% 1:89, 1:02‰ � +85%, � 46%‰ �

Table 5. Mean and peaks values of velocity error, lateral deviation, relative yaw angle, wheel steering angle, longitudinal and lateral
acceleration for each case of variation.

Vx, err km=h‰ � e1 m‰ � e2 rad‰ � d rad‰ � ax m=s2
� �

ay m=s2
� �

Case 0 Mean value 1:454 1:61 � 10�2 2:50 � 10�3 4:90 � 10�3 1:262 0:776
Peak value 1:546 5:37 � 10�2 9:5 � 10�3 1:82 � 10�2 3:6 2:5

Case 1 Mean value 1:436 1:61 � 10�2 2:50 � 10�3 4:89 � 10�3 1:263 0:764
Peak value 1:548 5:37 � 10�2 9:5 � 10�3 1:82 � 10�2 3:61 2:5

Case 2 Mean value 1:440 1:61 � 10�2 2:50 � 10�3 4:89 � 10�3 1:263 0:765
Peak value 1:551 5:37 � 10�2 9:5 � 10�3 1:82 � 10�2 3:61 2:52

Case 3 Mean value 1:448 1:61 � 10�2 2:50 � 10�3 4:89 � 10�3 1:263 0:765
Peak value 1:559 5:37 � 10�2 9:5 � 10�3 1:82 � 10�2 3:61 2:51

Case 4 Mean value 2:353 1:61 � 10�2 2:50 � 10�3 4:88 � 10�3 1:262 0:748
Peak value 2:465 5:37 � 10�2 9:5 � 10�3 1:82 � 10�2 3:6 2:5
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selected by means of an optimization conducted with a
Genetic Algorithm.

The method has been validated successfully in two
different scenarios. The control strategy pointed out a
good performance for both the lateral and longitudinal
guidance. The speed profile was accurately followed
while the lateral deviation is always within 0:1 m‰ � and
the relative yaw angle varied in the range 6 0:5 [deg].
Acceptable values of both the lateral and longitudinal
accelerations were always kept. Consequently, the
comfort evaluation was satisfactory in both scenarios.
The equivalent acceleration aeq always highlighted
‘‘not uncomfortable’’ condition while according to
MSDV , the percentage of people who may experience
nausea was below 5% in all the considered scenarios.
The proposed design technique has highlighted easy
applicability to different control strategies since good
tracking and control performance was also observed
in the architecture combining MPC and PID. Finally,
the robustness analysis, when varying vehicle para-
meters from nominal values, demonstrated the effec-
tiveness of the proposed method in a simulation
environment. The promising results encourage the
experimental validation of the method on a real
vehicle.
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