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Cascade Architecture for Lateral Control in
Autonomous Vehicles
Joshué Pérez, Vicente Milanés, and Enrique Onieva

Abstract—Research on intelligent transport systems (ITSs) is
steadily leading to safer and more comfortable control for vehicles. Systems that permit longitudinal control have already been
implemented in commercial vehicles, acting on throttle and brake.
Nevertheless, lateral control applications are less common in the
market. Since a too-sudden turn of the steering wheel can cause
an accident in a few seconds, good speed and position control of
the steering wheel is essential. We present here a new cascade
control architecture based on fuzzy logic controllers that emulate
a human driver’s behavior. The control architecture was tested on
a real vehicle at different vehicle speeds. The results showed the
use of a straightforward and intuitive fuzzy controller to give good
performance.
Index Terms—Autonomous vehicles, fuzzy logic, intelligent
transportation systems (ITSs), lateral control, system analysis and
design.

I. I NTRODUCTION

A

UTONOMOUS vehicles, once a utopia, are now poised
to become a reality. As engineers, we have a broad range
of possibilities of participation, since there are several fields
involved in the control and automation of vehicles: control
maneuvers, vehicle and infrastructure instrumentation, vehicle
simulation, etc. [1].
One of the first developments in the field of advanced
vehicle-control systems took place in the early 1960s by the
General Motors Research Group. They developed and demonstrated the automatic control of the steering, speed, and braking
of automobiles [2] on test tracks. Later, other research groups
began to improve the lateral and longitudinal control of autonomous vehicles. In the late 1960s, Ohio State University
and the Massachusetts Institute of Technology (MIT) began
working on the application of these techniques to urban transportation problems [3]. The first broad-scale investigation of the
application of automation technologies to urban transportation
problems appeared in MIT’s Project METRAN [4].
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Recent years have seen significant advances in research in
this area, with several applications to commercial vehicles. The
leading vehicle manufacturers are investigating the development of new advanced driver-assistance systems (ADASs) [5].
The goal of ADAS is to aid drivers in critical situations rather
than to replace them. The most important advances have been
cruise control [6], dynamic stability control [7], antilock brakes
(ABS) [8], pedestrian detection with night-vision systems [9],
collision avoidance [10], and semiautonomous parking and
warning signals [11], among others. These applications have
mainly been implemented on the longitudinal control (actions
of acceleration and braking).
Lateral control concerns the action on the steering wheel.
One of the pioneers on work on lateral control was
Ackermann [12]. His approach was to merge active steering
with yaw rate feedback to robustly decouple the yaw and lateral
motions. Another useful method for performing lateral control
is based on a predefined reference trajectory [13]. Through
techniques that allow quick, smooth, and high-quality control,
it is possible to control such nonlinear dynamic systems such as
the steering in a car. Techniques including fuzzy logic [14], linear matrix inequality optimization (in automated snowblower)
[15], and yaw rate control [16] have been used to keep the
vehicle following the reference trajectory.
Choi [17] developed an adaptive control law and a distance
rate observer for the lateral control of autonomous vehicles
using magnetic sensors in the vehicle’s front wheels. In a
parallel line of work, the Nissan Research Center has achieved
significant advances in lateral control using error-canceling
feedback control to estimate the next point on the track and to
generate the possible steering outputs [18].
Another significant change in the steering wheel system has
been the inclusion of electric-power-assisted steering (EPS)
as a replacement for the traditional hydraulic power steering
(HPS) systems in new-generation vehicles. There have been
simulations of the advanced control of this kind of system [19].
Guvenc and Guvenc [20] present a two-controller structure
proposal for the generic EPS system, addressing motor torque
and steering motion.
Yih and Gerdes [21] of Stanford University modified a
real vehicle so that it could use a steer-by-wire system and
receive Global Positioning System (GPS) data. They used a
bicycle model and real-time estimation for the control and the
cancelation of the effects of steering system dynamics and
tire disturbance forces. Furthermore, there have been several
applications for automated highway systems (AHSs) targeted
at heavy vehicles [22]. Those authors incorporated an inner
loop controller into the nested lateral control architecture for
autonomous driving.
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In the control of dynamic systems, there is, however, a large
gap between the design of a controller using simulations and
its implementation in a real system. This gap is gradually being
reduced with advances in different simulators [23], [24], but
these simulators still depend on the level of complexity and the
different constraints imposed by the systems. In this context,
intelligent control offers powerful techniques for the control of
such highly complex systems such as autonomous vehicles.
In 1985, Sugeno and Nishida published a landmark paper.
They demonstrated that any industrial process whatsoever can
be controlled with a simple model of human operation or
human experience [14]. The problem was reduced to finding the
proper control rules and fine-tuning them based on a driver’s
experience. Various studies have compared fuzzy control and
classical control techniques in autonomous vehicles [25], with
the fuzzy controllers showing good results.
The AUTOPIA program was begun in 1998 at the Institute
of Industrial Automation of the Spanish National Research
Council (IAI-CSIC). The experiments to be described in this
paper were conducted with an electric Citroen Berlingo, implementing a new lateral control scheme for the steering wheel. It
is a continuation of previous studies carried out by the group
[26], [27] but considerably improving the results achieved so
far. In brief, the improvements, both hardware and software,
with respect to previous works are the following.
1) The power stage based on the ISA Bus card was
removed for a new-generation power stage connected to
an onboard PC through Ethernet connection. With the
new proportional–integral–derivative (PID) controller,
the delay times were reduced, and a faster time response
was achieved [28]. A new motor and a gear ratio were
installed [29].
2) Moreover, the advance of this new steering control permits using a new output control variable, i.e., the steering
wheel’s angular speed, which had never been used in
previous works.
3) Taking into account this new output variable, two fuzzy
inputs have been included, i.e., the actual speed and the
distance to the bend, to perform a new fuzzy controller
that permits smooth steering wheel control.
4) A low speed was previously used in bends (8 km/h) [30].
With the new angular speed and position controller, the
corners can be taken up to 24 km/h.
5) Finally, a unique fuzzy controller capable of driving in
both straight and bend segments has been developed,
substituting the two previous controllers. The new output
variable—the steering wheel’s angular speed—permits
using the same rule base for these two scenarios. Previously, two steering controllers were needed [26].
The lateral controller described in this paper considers the
angular speed and position as output variables. A cascade
steering control architecture performs well over different ranges
of speeds and difficult urban curves (i.e., cornering). The main
contribution is the use of the position and angular speed of
the steering wheel controlled through fuzzy logic to carry out
smooth and comfortable control aimed at emulating a human
driver.

Fig. 1.

Control diagram of the unmanned vehicle.

This paper is organized as follows. In Section II, we describe
the system, explaining the lateral control. An overview of the
control cascade paradigm is presented in Section III, where the
PID and fuzzy controls are the low- and high-level controllers,
respectively. Section IV describes the experiment in different
situations, with various speeds and curves on a track in our own
facilities. Finally, some remarks and conclusions are presented
in Section V.
II. S YSTEM D ESCRIPTION
The main sensor equipment is a real-time kinematic Differential GPS (DGPS), located over the rear axle of the vehicle.
The DGPS sends the universal transverse mercator coordinates
to the control program at a frequency of 5 Hz. With this system,
an accuracy of 2 cm is achieved on our test tracks. The facilities
of the Institute of Industrial Automation (IAI-CSIC) emulate
an urban circuit. Even though the speed that we can use is
limited, the circuit provides a good field test for maneuvering.
In particular, it permits curves with different angles to be taken
at different speeds.
A. Longitudinal Control
The test vehicle used in this paper is propelled by an electric motor. The longitudinal and lateral controls are separated
in hardware and software so that we can independently use
each system. To act on the throttle, a digital–analog card is
connected between the PC and the pedal. This card sends the
target reference—an analog value—from the control program
installed in the PC to a trimmer throttle that emulates the desired
level of pressure applied to the pedal. The accelerator control
output generates a signal of 1–4 V. The computer braking procedure was implemented by adding a brake circuit connected to an
electro-hydraulic pump. The real speed is read directly from the
tachometer of the vehicle to close the longitudinal control loop.
The connection of the longitudinal control system is shown in
the lower part of Fig. 1.
B. Lateral Control
The test vehicle is equipped with an HPS system. The steering wheel is controlled by a dc motor, through a gear reduction
fixed to the motor axle and the steering bar. In previous work
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Lateral control architecture.

[28], [29], the parameter estimation was carried out taking into
account the control of the steering wheel position as the only
output variable.
To obtain good control of the steering wheel, one needs both
speed and position control of the motor coupled to the steering
bar. In this paper, we perform a torque estimation that permits
us to obtain a steering wheel speed range appropriate to our
needs.
The dc motor has a power of 90 W. Its maximum speed,
with a reduction ratio of 66 : 1 (to increase the torque and
to reduce the speed of the original device), yields around
98.49 r/min, and the torque is 7.26 Nm. We used a torque
wrench to experimentally estimate the torque needed to move
the steering wheel when the vehicle was stopped on an asphalt
surface: 5 Nm. A gear ratio of 5 : 6 was used to ensure a suitable
compromise between torque and speed. The steering speed is
82.075 r/min, and the steering torque is around 8.71 Nm, in
accordance with this gear ratio. A safety factor of 42.5% is
obtained for the torque. This precaution is in case the friction
between the wheels and the ground surface changes. A diagram
of the steering connection is shown in the upper part of Fig. 1.
The capacity of our system can be better understood by
considering its mechanical and physical characteristics. For the
control of the steering wheel system, a cascade architecture
is used, with the angular speed and position being considered
inside the control loop.
III. C ASCADE A RCHITECTURE
The lateral control was implemented by means of a two-level
cascade control architecture. The low level is governed by a
discrete PID controller (with no interactive algorithm), and the
high level is governed through fuzzy logic. The input variables
are acquired from an onboard DGPS and the tachometer of the
vehicle. The low-level controller is located in an external device
and receives its target from the fuzzy output, which is running
on the onboard PC. It attempts to reach the desired reference as
quickly and smoothly as possible.
There are other applications that use cascade control based
on a double PID control loop. Two examples are air conditioning systems [31] and superheated steam [32]. Their time
response is, however, too slow for the control of vehicles.

In our case, the PID controller is in the inner or secondary
control loop. The sampling frequency is 100 Hz, which is
20 times faster than the DGPS frequency (5 Hz). The PID
control loop is a slave of the outer or primary fuzzy control
loop. Therefore, the logical sequence to tune the system is
given as follows: 1) The PID controller is adjusted with the
fuzzy control in open loop; 2) the loop is closed, and the fuzzy
parameters are tuned, and 3) finally, an iterative process is
carried out to readjust the inner parameters.
The four input variables are obtained taking into account the
predefined route that will be followed by the vehicle. They are
the angular error, the lateral error (for the position control), the
distance to the next bend, and the actual speed of the vehicle
(for the angular speed control). The fuzzy control analyzes and
processes these variables, and, on the basis of the knowledge
base that represents the experience of a driver and an inference
method, yields two outputs—the desired position of the steering
wheel (between −540◦ and 540◦ ) and the desired speed for the
speed profile (between 0◦ /s and 220◦ /s)—which are sent to the
low-level controller (see Fig. 2).
A. Low-Level Controller
The low level receives the target from the high level and
communicates the control signal to the steering wheel motor.
This inner loop is closed by an encoder of 500 pulses per turn.
This module includes a position control mode, which allows
the generation of Linear Segment with Parabolic Blend (LSPB)
trajectories. Before tuning the PID, a system identification
process was carried out to achieve a good-quality controller.
System Estimation: An open-loop estimate of the steering
wheel was made. We connected a 5-A maximum current external voltage source. Fig. 3 shows a diagram of the estimation
procedure. The onboard PC receives the pulses from the encoder attached to the motor axle. This approach only considers
the position of the steering wheel, taking a constant speed of
around 220◦ /s. This is the fastest angular speed of the profile
(corresponding to 4.9 s from the rightmost to the leftmost
position) because this estimate was made when the vehicle was
moving. The average vehicle speed used is around 10 km/h,
the idea being to get as close to the real vehicle dynamics as
possible.
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Fig. 3. Open-loop steering wheel estimation.

Fig. 5. LSPB trajectories in the inner loop. Position and speed profiles in a
single control loop [(1-a) and (1-b)], and in five control loops [(2-a) and (2-b)].

Fig. 4. PID output for different decelerations.

After the data collection, the “ident” toolbox of MATLAB
was used to perform a nonparametric estimation. The transfer
function obtained was
H(s) =

0.8154 ∗ e−j0.5
.
(s + 3.8913)(s + 3.9377)

(1)

PID Controller Estimation: Given this transfer function,
the PID gains (Kp, Ki, Kd) were obtained by applying the
Ziegler–Nichols method. First, the gains were determined for a
continuous PID. As our module is a discrete PID, we considered
the sampling period (10 ms) to determine the new gains.
The values obtained were Kp = 1.1358, Ki = 0.01977, and
Kd = 0.001.
The derivative gain is small because we expect a rapid
response with no peaks in the output. The behavior of the lowlevel controller in reaching the target reference is shown in
Fig. 4 for different decelerations.
Speed Profile Parameters: In robotic dynamics and control,
the generation of the speed profile is one of the most important
steps, calculating the trajectory in terms of the position, speed,
and desired time. The generation of joint spatial trajectories has
been used for robots in an environment with obstacles [33].
In our application, however, we applied linear segment with
parabolic blend (LSPB) trajectories in the inner control loop.
While these are generally easy to visualize and estimate, our
system’s inertial characteristics and the speed of the control
loop do not permit a good detailed view.
Two groups of variables were taken into account to estimate the speed profile. The first group consists of dynamic
variables: the actual position and speed from the encoder and
the target position and the desired top speed from the highlevel controller. The second group of variables is fixed by the
controller: the dead zone, the maximum acceleration, and the
maximum deceleration. The dead zone is complementary to
the deceleration and defines a zone around the goal, i.e., the

target position: dead zone. It is used to force the desired speed
to a zero value. Fig. 5 shows the behavior of LSPB trajectories
in a single control loop (see the left-hand side of Fig. 5) and in
five control loops (see the right-hand side of Fig. 5). Because of
the motor axle’s inertia, the plot of the speed is continuous.
Fig. 5(1-b), shows the speed profile in a simple loop. The
acceleration lasts from t = 0 to t = t1 . The deceleration ramp
lasts from t2 to the end. The values of t1 and t2 are set by the
high-level controller. Thus considering the position equation (2)
below and differentiating twice (3), one obtains the value of the
acceleration. An analogous method is used for the deceleration
estimation, i.e.,
P(t) = Pi +
P̈(t) =

V max 2
∗t
2 ∗ t1

V max
.
t1

(2)
(3)

The end goal is continuous control, increasing or decreasing
the steering wheel’s angular speed (depending on the case),
until the desired steering position is reached. The idea is to
reach the desired position (given by the high-level controller)
at the corresponding desired angular speed. With the proposed
cascade architecture, we eliminated possible oscillations in the
steering wheel control.
The control speed we proposed was aimed at mimicking
human behavior. In previous work [26], steering control around
bends was done with the dc motor working at top speed
throughout the maneuver. This can involve excessive effort for
the motor, thus reducing its life cycle. The most important
feature now is not merely reaching the desired steering wheel
position but doing so at the right speed, which will be based
on the vehicle’s speed and the distance to the next bend. These
decisions are made by the high-level controller.
B. High-Level Controller
The aim of the outer control loop is to smoothly and efficiently move the steering wheel to the target position in accordance with the desired angular speed. The high-level control is
based on a fuzzy logic controller. It sends the steering wheel’s
target position and angular speed to the PID control loop. The
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Fig. 6.

Fuzzy input variables.

Fig. 7.

Membership functions for the steering wheel control.

fuzzy controller uses four input variables taken from the DGPS,
the digital cartography, and the actual vehicle speed. These
variables are the angular error, the lateral error, the distance
to the bend, and the actual speed. The frequency of the highlevel control loop is 5 Hz. The fuzzy control is divided into
three stages: fuzzification, inference, and defuzzification (see
the left-hand side of Fig. 2).
In previous work, our autonomous vehicles used two driving
modes: straight mode and curve mode [26]. The greatest difficulty was encountered in the curve mode, because only the
position of the steering wheel was controlled while the angular
speed was kept fixed. In the straight mode, the position outputs
were limited to maintaining the route, avoiding large adjustments. In this paper, we consider a single controller that uses
the angular speed to adapt the movement of the steering wheel
to the route.
1) Input Variables: Four input variables govern the highlevel controller: the angular error and lateral error for the position loop and the distance to the bend and actual longitudinal
speed for the angular speed loop. The angular error is the angle
between the vehicle’s axis and the predefined path, measured in
degrees. The lateral error is the deviation, in meters, of the front
of the vehicle from that same predefined route. The distance to
the bend, in meters, is estimated using the vehicle’s position on
the reference map. Finally, the actual longitudinal speed comes
from the tachometer and is measured in kilometers per hour.
Fig. 6 shows these input variables.
These input values are transformed and interpreted as fuzzy
data in the fuzzification stage processes. Each variable is defined by a membership function involving its corresponding
linguistic labels, which is represented in the rule base. The
membership functions have triangular or trapezoidal shapes, as
shown in Fig. 7. The lateral and angular errors are calculated
from two consecutive DGPS points, using three labels in each
case: left, middle, and right, as shown on the left-hand side of
Fig. 7.
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The other input variable that has been introduced is the
distance to the bend. The value of this variable is computed
by examining the distance to two vertices of the trajectory—the
preceding one and the next one. When the vehicle is in the first
half of the segment, the value is the distance to the preceding
vertex with a negative sign. In the second half of the segment,
it is the distance to the next vertex with a positive sign. A
positive value of the variable contributes to turning the steering
wheel while entering the bend, and a negative value contributes
to centering it again after the bend. Five linguistic labels are
defined to distinguish whether the vehicle is far from, close
to, or in the middle of the bend. The membership functions
are symmetric, so that the steering wheel must return with
the same angular speed as the one it used when entering the
bend. The upper right graph of Fig. 7 shows the corresponding
membership functions.
The actual speed is measured in kilometers per hour. In our
application, we considered a speed range from 8 to 24 km/h, in
curves of 90◦ . Three labels are defined for the vehicle’s speed,
as shown in the lower right graph of Fig. 7.
2) Output Variables: The defuzzification operation uses the
center-of-area method [see (4) below], where Wi are the
weights of the linguistic label i for each membership function,
Oi are the assigned values of the singleton output for the
linguistic label i, and Xi is the crisp value of each rule i
condition. This formula is implemented for each output variable
depending on each linguistic label. The Mandani inference
method was used to calculate each crisp steering signal, i.e.,
 Wi Oi
.
(4)
Xi =
Wi
Our controller is a typical fuzzy PD controller, i.e., it uses
two inputs and produces one output. The parameters are normalized and denormalized at each fuzzy stage (fuzzification,
inference, and defuzzification). The output variables are singletons with possible weights: Left (value −1), Right (value 1),
and Nothing (value 0) for the position control loop, and Low
(value 0.4), Medium (value 0.6), Med_high (value 0.8), and
High (value 1) for the angular speed loop.
3) Rule Base: The rule base interprets the input variables
in a process termed inference. It provides the target output of
position and angular speed for the steering wheel. Our fuzzy
controller, which is known as ORBEX (experimental fuzzy
coprocessor) was developed in the IAI and allows fuzzy rules
to be written as sentences in an almost natural language [30].
The sentences used are of the following form: IF. . . THEN. . ..
ORBEX allows the user to define variables and their fuzzy rules
and to join them with other variables in rules to yield crisp
signals for the controllers.
The rules—using the ORBEX syntax—used for the position
control are the following:
IF
IF
IF
IF
IF
IF

Lat_Error Left THEN Steering_Pos right
Lat_Error Middle THEN Steering_Pos nothing
Lat_Error Right THEN Steering_Pos left.
Ang_Error Left THEN Steering_Pos right
Ang_Error Middle THEN Steering_Pos nothing
Ang_Error Right THEN Steering_Pos left.
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TABLE I
FUZZY RULE FOR THE STEERING WHEEL SPEED CONTROL

Steering_Pos is the singleton output for the steering wheel
position. The rule bases for the angular speed output are symmetric with respect to the negative or positive values of the
distance to the bend. Table I shows the rule base.
Fuzzy control allows human behavior to be emulated in
following a predefined path. The fusion of the two controllers—
one for the position and the other for the speed control of the
steering wheel—make the steering behavior more comfortable.
Fig. 8 shows the control surfaces for the steering position
and the steering angular speed. These are representations of the
mapping of the inputs and outputs based on the fuzzy rules. The
smoothness of the surfaces is indicative of the reasonableness
of the controller rules and tuning. The angular speed controller
surface (left) is highest when the vehicle is in the middle of the
bend and when the actual speed is high but is lower once the
vehicle has passed the bend and is beginning a straight segment
of the route.
IV. E XPERIMENTS AND R ESULTS
The experiments to be described show the behavior of the
steering wheel cascade architecture implemented in our electrical vehicle. They illustrate the performance at both low
and high vehicle speeds. The predefined path selected for this
purpose was based on the tracks of the IAI facility. Both paved
sections of the urban circuit and unpaved parts of the circuit’s
terrain were included. The reason was that the urban (paved)
circuit only has curves of around 90◦ , and we wanted to include
other angles to test the system over a reasonably wide range. A
secondary consequence was that we also increased the external
perturbations acting on our system.
The upper left picture in Fig. 9 shows the path used. The
angles at the curves varied from 21◦ to 105◦ . The experiments
consisted of negotiating these curves at different longitudinal
speeds. The route has ten straight sections of different lengths.
The sections that begin with curves θ1, θ2, θ3, and θ6 are on
unpaved terrain. The total route is 500 m in length. The speeds
used in the experiments were between 8 and 24 km/h.
The rest of Fig. 9 shows the actual behavior of the vehicles
following this predefined path. Four speeds were used to actually test our controller: 8, 12, 16, and 20 km/h. These speeds
were taken from human experience, since greater speed is unnecessary in an urban circuit. These experiments showed good
performance of the steering wheel angular speed and position
controller. Also shown is an extra experiment at a greater speed
(24 km/h) to test the robustness of the controller. In this test, although the vehicle keeps to the road, one observes that the error
is greater as it follows the path, particularly around the sharpest
curve (θ8; see the lower right graph of Fig. 9). Indeed, this was
the most difficult curve, because the vehicle must turn 105◦ .

When the vehicle enters and leaves the unpaved sections of
road, it tracks the route with no problem.
The variables of our controller are mainly calculated on the
basis of a high-precision DGPS, which uses a reference position
of a central station in our facilities. Sometimes, this precision is
lost due to communication problems over the wireless network.
In the middle left graph of Fig. 10 (around curve 5), with the
vehicle travelling at 12 km/h, one observes such a loss of GPS
precision—from fixed (up 2 cm) to float (50 cm) mode—which
lasted for 400 ms. However, our cascade control system is
able to filter this signal, avoiding sudden jumps of the steering
wheel and maintaining the vehicle on the road. If this error
persists for a second—five control loops—the vehicle would
make an emergency stop. However, this was not the case in
this experiment since the precision losses were for less than a
second, and the vehicle continued on its route.
The goal of smooth comfortable autonomous driving with
this steering wheel controller has been achieved. Fig. 10 shows
the two outputs of the controller: the position and the angular
speed of the steering wheel. The graphs show the results of
experiments at the five different speeds. The time scale (the
horizontal axis) of each experiment varies from 240 to 80 s,
in accordance with the longitudinal speed of the vehicle.
The graphs on the left-hand side of the figure show the
performance with respect to the position of the steering wheel.
The curves correspond to the position output (in degrees) of the
fuzzy control and the actual position of the steering wheel (read
from the motor encoder). The low-level control loop, which is
a PID controller, permits the response generated by the highlevel controller to be smoothed out. It thus avoids undesired
oscillations of the steering wheel that could particularly be
dangerous at a high speed. In the second graph on the left-hand
side of Fig. 10, at around 70 s, the fuzzy controller shows a large
spike in the position, which was due to the loss of quality of
the DGPS. However, the steering wheel speed control permits
no sudden movements when the vehicle is on a straight stretch
of road far from a curve; therefore, in practice, the system
continued to function despite this brief loss of input quality,
and the vehicle was able to automatically continue on its route.
The fuzzy controller’s position output has large fluctuations
at the beginning of each route. This is because the two points
of the DGPS are still very close to each other. As the vehicle
starts to move, however, the fuzzy controller’s output improves.
This output also oscillates when the vehicle takes bends of just
a few degrees at low speeds, but with the angular speed control
(applied to the steering motor) and the action of the PID, the
actual position of the steering wheel smoothly changes.
The graphs on the right-hand side of Fig. 10 show the output
of the angular speed controller. This controller was designed for
vehicle speeds in the range of 5 to 18 km/h, as the latter is the
top speed at which a human driver will negotiate a corner of
90◦ or greater to avoid accidents. In the experiments at 20 and
24 km/h, therefore, the controller’s output is identical because
the membership function of the “actual speed” is saturated at
the linguistic value “high” for speeds of 18 km/h or greater (see
Fig. 7).
The progressive increase that one observes in the angular
speed output is because all the tests were made on the same
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Fig. 8.

Control surface of the steering wheel.

Fig. 9.

Path used including bends of different angles and the vehicle’s trajectory in experiments at different speeds.

79

80

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 12, NO. 1, MARCH 2011

Fig. 10. Fuzzy control output variables: position of the steering wheel before and after the low-level control (left) and the steering wheel angular speed output
(right) at different speeds: 8, 12, 16, 20, and 24 km/h.

Fig. 11. Fuzzy control input variables. Lateral and angular errors, distance to
the bend, and actual longitudinal speed.

route so that the variation of one of the input variables
(“distance to the bend”) has the same shape at different speeds.
Fig. 11 shows the distances to the nearest bend and the vehicle’s
actual speed for the experiment with a reference speed of

16 km/h. The negative values of the distance to the bend
mean that the vehicle has passed that curve, and these values
instantaneously change to positive again when the vehicle
reaches the midpoint of the straight stretch and a new reference
point is taken.
In Fig. 11, one observes how, when the vehicle is less than
5 m on either side from the center point of the curve (an interval
taken to allow for the length of the vehicle and the width of
the road), the “distance to the bend” is set to zero. This is
because, in this interval, the vehicle is turning at its maximum
for that curve, and the readings of the GPS are rapidly varying;
therefore, with a trapezoidal instead of triangular shape for the
“Central” label of the membership function (see Fig. 7), we
avoid any unnecessary sudden changes due to this situation
when the vehicle reads the next straight segment.
Finally, Table II presents the root-mean-square error (RMSE)
with respect to the reference line, where the curve segments
are generated using quadratic Beziers curves [34]. It shows
the RMSE for the whole route, as well as for the straight
stretches and bends. One can appreciate that the greatest
error–in bends–is lower than 1 m.
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TABLE II
RMSE WITH RESPECT TO THE REFERENCE LINE

V. C ONCLUSION
We have described a study of the implementation of a
cascade control architecture of the steering wheel for an autonomous vehicle, using intelligent and classical controls. The
original hydraulic power steering system of a Citroen Berlingo
was equipped with a dc motor and controlled by an external
motion controller with a discrete PID. The control scheme
was closed with an external fuzzy control loop that drives the
steering wheel position and its angular speed using a DGPS as
the main input sensor.
This control architecture gave good results for different
vehicle speeds and curves. The PID controller implemented in
the inner control loop smoothes out any sudden changes in the
fuzzy control output signals, which is particularly important at
low speeds. In future work, other kinds of input sensor may be
added to the control architecture.
The angular speed controller showed good performance.
Indeed, the results allow one to draw two important conclusions. While with the previous controller the steering wheel
was always turned at the maximum speed, now, it is turned
only slowly when the vehicle itself is moving at low speeds.
Furthermore, the movement of the steering wheel has more
degrees of freedom when the vehicle is close to or in a curve
or is negotiating a curve at a greater speed, allowing it to adapt
to the requirements of the situation, and less freedom when the
vehicle is traveling on a straight segment.
The speeds used in the present experiments exceeded those
used in previous work for curved segments. The reason that this
was possible was the inclusion of the angular speed, as well
as the position, as a control output parameter. The use of the
four input variables, i.e., the angular error, the lateral error, the
distance to the bend, and the actual speed, in the fuzzy control
loop avoids having to implement different driving modes (the
previous application involved two fuzzy controllers, i.e., one
for curves and one for straight sections). With this system, we
now have a single fuzzy controller for the steering wheel whose
angular speed control allows us to drive fast along straight
stretches while guaranteeing only smooth adjusting movements
of the wheel and to safely negotiate curves with rapid variations
if necessary. The RMSE values show the good behavior of the
system.
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