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Abstract— Different implementations on automated vehicles
are being introduced by researchers and manufacturers, particularly for longitudinal control. Some applications include
traffic jam assistance, emergency assisted braking, Cruise
Control, among others. However, lateral control applications
are less common due to the complexities of the dynamic.
In this paper, an Artificial Intelligence approach to control
the steering wheel of an automated vehicle is presented. Two
new lateral controllers are developed. One is based on human
expertise (Fuzzy Logic), and the other is based on an Adaptive
Network based Fuzzy Inference System (ANFIS) using expert
driver data. Those controllers have been tested in a simulation
environment, called Dynacar, and they were compared with a
classical PID controller, giving promising results.

I. I NTRODUCTION
In recent years, the research and development in automated driving is intensively increased in automotive industry.
Indeed, automated vehicles are opening a new road-map to
many new applications and benefits for the society, i.e.: new
mobility alternative, increasing safety and reducing parking
areas, assistance to drivers and intelligent and connected
infrastructures. Moreover, this is topic where many research
groups, universities and manufactures are working around
the world.
Based on most of the previous real automated vehicle
implementations in the literature, a general control architecture is divided in six main stages: acquisition, perception,
communication, decision, control and actuation ([1]), where
the perception, decision and control are the most critical.
An automated vehicle uses sensors to get information on
the external environment, i.e.: for the ego positioning (GPS,
radars) and the detection of others obstacles around (Lidars
and cameras). This information is processed in order to find
a safe trajectory to be followed by the vehicle. This process
is called the Global and local planner module, some authors
call it navigation. Then, this trajectory is sent to the control
module to maintain the vehicles on the road. Finally, the
actuators receive and execute this command by the steering
wheel and pedals.
The Original Equipment Manufacturers (OEMs) have been
started to work in this field fifteen years ago with the first
uses of Advanced Driver Assistance Systems (ADAS), where
the most known is the Anti-lock braking system (ABS). The
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main goal of ADAS is to improve the safety of the passengers
in the vehicles and the Vulnerable Road Users. Studies say
that ninety five percent of the road accidents are caused
because of a human factor ([2]). Most of the accidents are
caused by a human limitation, as well as reaction time or
distractions. The next step is the implementation of more
safety and robust functionalities for automated vehicle.
So far, lateral control applications have special attention,
where complex models have been used mainly in automated longitudinal system [3] and [4]. Other researches
have demonstrated that some Artificial intelligence (AI)
techniques, as fuzzy logic, offers a good solutions to control
complex system, like automated vehicles [5]. Fuzzy sets do
not need an exact mathematical model of the plan, as in
[6]. These controllers can imitate the human driver behavior
with a knowledge base (or rules). However, in most of the
cases, there aren’t standard methodologies defined these rules
bases and the membership functions. Saifizul et al. [7] has
simulated an ANFIS controller for the lateral applications.
However, this approach only considers the constant curvature
in the circuit (not path planning), with some significant
overshoot and oscillation on the steering angle at the moment
the curvature changes [7].
In this paper, we will focus on the lateral control of
the vehicle applying three different controllers. Different
maneuvers have been tested, as urban intersections, lane
keeping and lane changes, based on a real time path planning
presented on [8]. The goal is to reduce the lateral error to
reference given by the path planner. In this work, a study
of different control techniques is presented, where a PID, a
Fuzzy Logic and an ANFIS controllers are considered for the
lateral dynamic of an automated vehicle. The modelled vehicle used to validate our approach is an automated Renault
Twizy.
The rest of the paper is organized as follow: a brief state
of the art of the control in the automotive field in Section 2.
Next there is a description of the simulation environment,
Dynacar, used for our validation. Then we will see the
functioning of tree different controllers for the lateral control:
a PID controller, the fuzzy logic and the Neuro-Fuzzy control
in Section 4. Finally, we will compare the performances of
these three controllers in Section 5. We concluded on the
performances of these controllers and the future works.
II. W ORK MOTIVATION
In automated driving field, the control of the vehicle is
divided in lateral and longitudinal. The first one concerns
the action on the steering wheel. There are different kinds

of controllers that can be used for the case of a lateral or
longitudinal actions ([9]).
The steering of a vehicle is considered as a nonlinear
dynamic system, especially at high speed. It is possible to
control this system through techniques that allows quick,
smooth and high quality control ([5]). The action on the
lateral control depends mainly of 2 modules of the global
architecture, the path planner (trajectory) and controller itself
(tracking) ([1]).
Sei-Bum Choi has developed an adaptive control law for
the lateral control of automated vehicle using magnetic sensors in the vehicle?s front wheels. Another big change in the
low level steering wheel system has been the incorporation
of electric-power-assisted steering (EPS) as a substitution for
the traditional hydraulic power steering (HPS) systems in the
new generation of vehicles ([10]).
However, the most classical lateral controller found is
the Proportional Integral Derivative (PID) controller ([11]).
Indeed, this controller is present in many applications in the
industry because of the reduced number of parameters to be
tuned.
Methods using fuzzy logic, linear matrix inequality optimization and yaw rate control have been used in order to
make the vehicle following the reference trajectory ([12],
[13]).
The main advantage of a fuzzy controller is that it is
not necessary to have an exact mathematical model of the
system to control it. The control problem is reduced to
estimate the input, set up a rule base and assign the output
values. Besides, this controller can emulate the behavior from
drivers due to knowledge base, using the human experience,
and if-then rules. Many contributions related with Fuzzy
Logic controller have been published ([6], [9]). However,
the problem to tune and to estimate the rule bases for lateral
applications remains still an open issue.
Some automated methods to tune the Fuzzy controller
have been developed for longitudinal controllers [14]. This
Neuro-Fuzzy system combines the semantic rules and learning capability of neural networks. Some applications have
used neuro-fuzzy systems to control nonlinear systems or
to adjust controllers [15]. In the Intelligent Transportation
System (ITS) field, neuro-fuzzy systems had been used in the
traffic modelling, as in [16]. However, this kind of controller
has not been tested in lateral dynamic for automated vehicles.
Previous works on neuro-fuzzy controller ([14]) presents a
real time implementation of a neuro-fuzzy controller for the
longitudinal control of a vehicle. This neuro-fuzzy system
improves the performances of previous controller by including the experience of expert drivers. In light of the size of the
data base used, this controller gives good results. We are on
the next step, to study the use of fuzzy logic and neuro-fuzzy
controller for the lateral control of the vehicle.
III. S IMULATION PLATFORM
Dynacar (figure 1) is a simulation tool developed by
Tecnalia which provides a real-time vehicle model. It focuses
on two main domains the dynamics of the vehicle and the

Fig. 1: Dynacar by Tecnalia

electronics architecture of the vehicle. It provides a complete
architecture to simulate and validate the automated capabilities of a vehicle [17]. This architecture is particularly adapted
for urban scenarios. Different lateral control algorithms were
tested with this platforme.
It provides a high-fidelity vehicle physics simulation. This
is combined with a Pacejka tire model, and submodels
for elements like the engine, transmission, steering system,
braking system, aerodynamics, etc ([18]). For this work, we
use the equations of the lateral dynamic of the bicycle model
as shown in (1) and (2), as are explained in [19]:
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where m is the vehicle mass, Vx is the longitudinal speed,
Iz is the yaw inertia, a and b are the distance between the
front/rear wheels and the center of gravity, respectively, and
δ represents the front wheel steering angle (which is the
control signal in the automated control approach).
The values used in model for the twizy described before
are resumed in table I:
TABLE I
Parameter
m
Iz
Wheelbase
Dist. to COG (b)
Cαf
Cαr

Value
582.5
314.28
1.686
0.4231
5.784
17.163

Unit
[kg]
[kg.m2 ]
m
m
[1/rad]
[1/rad]

The real-time capability is very valuable, as, combined
with its notable modularity and interfacing options, it permits
to execute tests with driver-in-the-loop (DiL) and hardwarein-the-loop (HiL) setups, for instance for ECU (Electronic
Control Unit) development or also motor test bench testing
([20]).
For this application, a reference trajectory is generated
using parametric curves as in [8]. This path planner is used

physically appealing of all defuzzification methods. Here, Wi
are the weights of the linguistic label i for each membership
function. Oi are the assigned values of the singleton output
for the label i. Finally, Xi is the crisp value of each rule
condition. Each crisp value is calculated by the Mamdani
inference method:

Fig. 2: Membership function for the Lateral Error.

Fig. 3: Membership function for the Angular Error.

as the reference for the lateral control module, using different
controllers.
IV. L ATERAL C ONTROL
On the current section, three control techniques will be
explain to gather some concepts related to these ones, including the designing process. These ones were tested on an
automated driving simulator to verify the differences between
them and, advantages and disadvantages that each presents.
A. PID controller
The first controller implemented on the current approach
was a PID controller associated to the lateral error (this is
calculated as a reference of the frontal point of the vehicle
and the path). The equation associated to the steering is:
Z
d
Cv = Kp elat + Ki elat dt + Kd elat
(3)
dt
t
Kp , Ki and Kd are the gains fixed manually on the vehicle
using classic techniques of tuning.
B. Fuzzy logic controller
For the fuzzy controller, two input variables were used:
the lateral and the angular error. Each variable is defined by
a membership function affecting its corresponding linguistic
labels, which is represented in the rule base. For the current approach, a triangular shape membership function was
implemented.
The lateral and angular errors use three labels in each
case: Left, Middle and Right. The membership functions are
symmetric considering the ideal symmetry of the steering
wheel. The range used for the lateral error is [-0.6; 0.6] (m)
as it is illustrated on figure 2 and the one for the angular
error is [-20; 20] (degrees) as it is illustrated on figure 3.
The defuzzification operation uses a method called
“center-of-area” [5]. This is one of the most prevalent and

Xi =

X W i Oi
Wi

(4)

To define the output, nine singletons were established with
various weights: RightP 4 , RightP 3 , RightP 2 , RightP 1 ,
M iddle, Lef tP 1 , Lef tP 2 , Lef tP 3 , Lef tP 4 , which were
defined between [-1 and 1] and spaced each 0.25.
The rule base interprets the input variables, based on the
IF . . . THEN form. The target output is given by the steering
position. The rules are shown as follows:
IF LateralError Right AND AngularError Right THEN
Steering RightP 4
IF LateralError Right AND AngularError Middle THEN
Steering RightP 3
IF LateralError Right AND AngularError Left THEN
Steering RightP 2
IF LateralError Middle AND AngularError Right THEN
Steering RightP 1
IF LateralError Middle AND AngularError Middle
THEN Steering M iddle
IF LateralError Middle AND AngularError Left THEN
Steering Lef tP 1
IF LateralError Left AND AngularError Right THEN
Steering Lef tP 2
IF LateralError Left AND AngularError Middle THEN
Steering Lef tP 3
IF LateralError Left AND AngularError Left THEN
Steering Lef tP 4

C. Neuro-Fuzzy Controller
Pursuing the development of fuzzy-logic-based controller,
many industrial processes are now controlled using the
knowledge of expert operators. Thus, the fusion of Artificial
Neural Networks and Fuzzy Inference Systems has grown
interest among researchers. There are some limitations in
the IF ... THEN systems. There are not standard methods for
transforming experience from the driver into the rule base.
The learning process of the Neural Networks is based on
the adjustment of the weight of the connections between the
nodes net. Neuro-Fuzzy systems combine the easy handling
of the IF ... THEN rules of the fuzzy logic with the learning
capacity of neural networks.
The Adaptive-Network-Based-Fuzzy Inference System
(ANFIS) was one of the first neuro-fuzzy systems developed.
The principle is to extract fuzzy rules at each level of a neural
network. When the rules have been obtained, they provide the
information on the overall behavior of the process. ANFIS
implements the Takagi-Sugeno model for the IF ... THEN
rules of the fuzzy logic.

Fig. 4: Membership function for the Lateral Error of the
ANFIS.

Fig. 5: Membership function for the Angular Error of the
ANFIS.

Fig. 6: Circuit of the driving session for the Simulation on
Dynacar.

The nine singletons of the ANFIS system are:
Neuro Fuzzy is based on the creation of a controller by
using a learning process from a data base. We want to train
our ANFIS system using as reference the expert knowledge
of a driver and for this purposes, it was recorded the behavior
of this driver trying to follow the road. The steering position,
the lateral and the angular error were recorded during the
rolling session.
The parameters chosen for the learning process of the
ANFIS systems were:
Algorithm
System
Membership function shape
Number of membership func.
Inference system
Number of rules
Training algorithm
Training data set
Validation data set

ANFIS
2 Inputs and 1 Output
Triangular
3
Takagi-Sugeno
9
Back propagation
25000
25000

The proposed neuro-fuzzy controller has two input variable like the previous fuzzy controller studied (the lateral and
the angular error) and one output variable (the steering position). Each input has three membership functions, bringing
to nine rules.
The two inputs have still the same membership function
shape: three triangular shapes. The range used for the lateral
error is [-1; 1] meters (figure 4) and the one for the angular
error is [-20; 20] degrees (figure 5). These ranges depend
on the date base used for the learning process and, of
course, a human driver has a driving way that contains more
imprecision than a driving from a controller which is tuned
to have the lowest error.

Singleton
Right P4
Right P3
Right P2
Right P1
Middle
Left P1
Left P2
Left P3
Left P4

Value
-0.9535
-0.538
-0.485
-0.235
0.02
0.24
0.46
0.67
0.95

In previous works [7], the dataset was tuned by a Fuzzy
Logic model. In our approach with ANFIS, the controller
is trained by human knowledge. The fuzzy controller has a
close behavior to the human driver.
V. T ESTS AND RESULTS
In order to compare the performances of these three controllers, they have been tested in simulation using a predefine
circuit. It contains six intersections as it is illustrated on
figure 6.
Additionally, the use cases defined to verify the behavior
of the controllers were four. A segment of the circuit with
three consecutive intersections and a lane change, both at
low speed, are the first and the second scenario. In the case
of the third and fourth use cases are considered the same
intersections and lane changing but at high speed.
For the purposes of the current work, low speed is considered as a constant speed of 20 km/h and high speed is based
on a speed profile given by comfort and curvature constrains
with a maximum value of 50 km/h. And the controllers will
be compared using the lateral error and steering responses.

the fuzzy controllers is a little less noisy).
On figures 7c and 7d are illustrated the lateral error
and steering (respectively) on the lane change scenario (at
low speed) but there are not big differences between the
controllers. However, the fuzzy and ANFIS controllers are
more effective to correct the lateral error (faster than the
PID).
B. Test at high speed (using speed profile)
(a) Intersections (lateral error)

(b) Intersections (steering)

Figure 8 shows the lateral error (figures 8a and 8c) and
steering (figures 8b and 8d) using a speed profile associated with the curvature of the path and lateral acceleration
concepts (related with comfort on driving) with a maximum
speed of 50 km/h. The figures 8a and 8b depict the same
behavior that in the case of lateral error behavior associated
to the intersections scenario at low speed.
Figures 7c and 7d are illustrated the lateral error and
steering (respectively) on the lane change maneuver. In
this case, the behaviors of the controllers have changed
considerably, compared to the low speed scenario. The lateral
error has less overshoots in the case of the fuzzy controller
trained with ANFIS and it has less abrupt changes on the
steering and less overshoots.
VI. C ONCLUSION

(c) Lane change (lateral error)

(d) Lane change (steering)

Fig. 7: Lateral error and Steering at low speed.

A. Test at low speed
Figure 7 shows the lateral error (figures 7a and 7c) and
steering (figures 7b and 7d) at constant speed of 20 km/h. In
such a way, the figure 7a depicts how the fuzzy controller
has a better response reducing the lateral error on the
intersections scenario. In the case of the fuzzy trained with
ANFIS has a better response reducing the lateral error, but
in the other direction is less effective that the PID controller
(directly related with the data used for training). In other
hand, the figure 7b illustrates the steering for these three
controllers and they depict a similar response (in some cases

On the current approach, three controller techniques were
tested for the lateral control of a automated vehicle to verify
the advantages and disadvantages that each presents.
The PID controller illustrates a good response at low
speed. However, PID controller are difficult to be tuned and
the gains are not adapted to the speed. Fuzzy logic is useful
compared to PID controller because a complex mathematic
model is not needed. Fuzzy Logic is intuitive by thanks to
using Labels and semantic rules, as humans do.
Besides, using neural methods are powerful because we
just need Driver experience to train the system (no mathematical model or label based model). Our controller is generated
by the data set from human drivers’ experiences, giving a
better result.
In the case of the fuzzy controller, it shows a good response with some overshoots on the cases of abrupt changes
as on lane change. For the current approach the fuzzy
controller was designed just using lateral parameters (lateral
error and angular error) but in future works will consider
variables of the longitudinal domain as speed (MISO system)
to improve the response of the controller (the PID is just
presented for SISO systems).
The ANFIS techniques used to train a fuzzy controller
could be considered as the best alternative. Admittedly, some
results are a bit less effective than the fuzzy controller in
our tests. But these performances can be improved due to
they used the data gather from an expert driver to emulate
the driving behaviors. The time used to develop and tune
this controller is really short compared to the time for the
other controllers thanks to the use of learning process. In
future works, this controller can be improved with a great
amount of data. This lateral longitudinal control can also be

(a) Intersections (lateral error)

(b) Intersections (steering)

(c) Lane change (lateral error)

(d) Lane change (steering)

Fig. 8: Lateral error and Steering at high speed.

improved if other variables are taking into account. Finally,
a multi-variable system, considering longitudinal variables,
and more driving situations may improve our approach.
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