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ABSTRACT

This paper presents a new type of fuzzy logic controller
(FLC) membership functions for automotive active suspen-
sion systems. The shapes of the membership functions are
irregular and optimized using a genetic algorithm (GA). In
this optimization technique, VHDL-AMS is used not only
for the modeling and simulation of the fuzzy logic controller
and its underlying active suspension system but also for the
implementation of a parallel GA. Simulation results show
that the proposed FLC has superior performance to that of
existing FLCs that use triangular or trapezoidal member-
ship functions.

1. INTRODUCTION

Automotive suspension systems reduce the vibrations be-
tween the sprung and unsprung masses caused by the mo-
tion of an automobile so that the vehicle’s ride quality could
be improved. According to the system’s ability to add or
extract energy, the suspension systems can be classified as
passive, semi-active or active [11]. The passive suspension
consists of conventional springs and dampers only. It cannot
add energy to the system. The semi-active suspension does
not add energy either but changes the damping coefficient
of the shock absorbers dynamically to obtain a better sus-
pension quality. The active suspension (Fig.1) contains an
actuator, which can generate a force acting on the sprung
and unsprung masses, as well as the springs and dampers.
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Figure 1: Active suspension system.
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The advantages of active suspension systems over passive
and semi-active ones have been known for many years [13].
However, the design of a suitable active suspension con-
troller, which determines the value of the actuator force
according to the dynamic motions of the sprung and/or un-
sprung mass, is difficult and still attracts researchers’ inter-
est. A number of different control algorithms have been es-
tablished [15, 11, 2]. Generally speaking, an accurate model
of the system is difficult to identify since the input to an ac-
tive suspension system (i.e. the road displacement) is unpre-
dictable. Fuzzy logic controllers (FLCs), due to their ability
of handling uncertain and complex systems, have emerged
as a promising technique for high-performance active sus-
pension systems [12, 1]. FLCs are based on the general
principles of fuzzy set theory [16] and their input and out-
put variables are similar to a conventional controller. FLC
designs reported so far show satisfactory suspension behav-
ior and use fixed-shape, usually triangular or trapezoidal
membership functions (Fig.2).
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Figure 2: Fuzzy logic triangular and trapezoidal

membership functions.

The study presented in this paper attempts to optimize the
shape of the membership function to improve the FLC per-
formance. A genetic algorithm, which is an optimization
method based on natural selection [4], has been chosen for
this purpose. A GA algorithm usually has the following
elements: populations of chromosomes, selection according
to fitness, crossover to produce new offspring, and random
mutation of new offspring [7]. The stochastic nature of GA
makes it suitable for fuzzy logic applications.

VHDL-AMS is a hardware description language designed



to support modeling at various abstraction levels in mixed,
electrical and non-electrical physical domains as well as mixed,
digital and analogue components [3]. It has been recom-
mended as the unified modeling language for the automo-
tive industry [8]. In this paper we present a model of an en-
tire active suspension system in VHDL-AMS with a parallel
GA process implemented in the testbench to optimize the
system’s FLC. The parallel nature of VHDL-AMS makes
the implementation of the GA optimization efficient and
straightforward.

2. ACTIVE SUSPENSION MODEL

The model shown in Fig.1 is a linear 2-DOF (degree of free-
dom) quarter-car model. It is simple but contains the basic
features of active suspension [14]. The dynamic motions of
the sprung and unsprung masses are described by equations
(1) and (2) [9] which can be obtained from Newton’s second
law:

ZsMs = Ks(xu — xs) + B(xuw — Zs) + Fa (1)

TuMy = —Ks(vy —s) — B(@y —%s) + Ku(xr —zu) — Fa  (2)

where M and M, are vehicle’s sprung and unsprung masses,
Ts, Ty and x, are the displacement of sprung mass, unsprung
mass and road respectively, Ks and B are the coefficients of
the passive spring and damper, K, is the tire spring rate
and Fjy is the actuator force. The model acts as the under-
lying plant of the FLC and is implemented as a VHDL-AMS
entity.

3. SHAPE OPTIMIZATION OF FUZZY
LOGIC MEMBERSHIP FUNCTIONS

In fuzzy logic theory, a membership function is a graphi-
cal representation of the input’s degree of participation in a
fuzzy set. The geometrical shapes of the membership func-
tions used can seriously affect the performance of an FLC.
For example, although triangular membership functions are
very basic and widely used [12], it was also illustrated that
trapezoidal membership functions may generate superior re-
sults in certain applications [1] (Fig.2). The optimal shapes
of membership functions in an FLC for a specific application
may be irregular (see Fig.3) and we show below that they
can be calculated by optimization to improve the system’s
performance. Irregular membership functions are unlikely
to lead to more complex hardware implementations given
the fact that electronic control units are quite common in
today’s automobile design.

It has been reported that the optimum choice for active sus-
pension’s state variables are the velocity s and acceleration
2 of the automobile sprung mass M, [10]. So the two vari-
ables are chosen as the inputs to the FLC. The output is the
actuator force F,. The fuzzy sets of the input and output
variables are represented by three linguistic variables: pos-
itive (P), zero (Z) and negative (N). With these linguistic
variables, a set of nine fuzzy rules is developed, as shown
in Table 1. These rules were generated by using basic engi-
neering sense. For example, if the velocity is zero and the
acceleration is positive then the mass’s velocity is going to
increase and a negative force should be applied. The fuzzy
inference procedure used is the max-product composition
and the defuzzification method employed is the center of
gravity approach [1].
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Acceleration

P Z N

P N N Z

Velocity Z N Z P
N Z P P

Table 1: Fuzzy rules base.

4. GA OPTIMIZATION IN VHDL-AMS
TESTBENCH
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Figure 4: GA optimization in a VHDL-AMS test-
bench using concurrently running chromosomes.

A flow chart of how the parallel GA is implemented and ex-
ecuted in the VHDL-AMS testbench is shown in Fig.4. In
the testbench, instances of the active suspension system, in-
cluding the FLC, are invoked and each instance represents
a chromosome in GA. The shapes of the fuzzy membership
functions are the optimization objects. Since the center of
gravity method is used for defuzzification, it is only nec-
essary to optimize the membership functions of the input
variables. For each of the two input variables, N points
from the positive curve and N points from the right half
of the zero curve are selected as genes. This is because a
membership function is typically symmetrical about the y-
axis. These points are equally distributed along the x-axis
and their y-values can be adjusted between 0 and 1. The
points are simply connected by straight lines to form piece-
wise linear membership functions. The optimization goal
is to minimize the peak-to-peak value of the sprung mass
displacement xs when the system is subject to some kind
of stimulus. In the VHDL-AMS implementation, the chro-
mosome is modeled as a component with 4N genes as input
parameters, the road displacement z, as the excitation and
the peak-to-peak value xp, as the output fitness. Since zp),
is a value over a certain time period, a process is needed
to track its maximum and minimum value and output the
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peak-to-peak value at the end. Fig.5 is the block diagram of
the chromosome. It shows how different components in the
entity are connected.
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Figure 5: Diagram of one chromosome.

Unlike most existing computer implementations of GA that
evaluate one chromosome iteratively to form a population, in
the VHDL-AMS based optimization here, the chromosomes
of a population are implemented in parallel. The genes are
initialized by uniformly distributed random numbers. The
same stimulus is applied to the population and all the chro-
mosomes are evaluated simultaneously to get a vector of fit-
ness values. According to the fitness values, the tournament
selection is chosen as the parents selection method. Because
it prevents premature convergence with efficient computa-
tions [7]. The parent with higher fitness (i.e. smaller xp)
is more likely to be selected to produce offspring. Elitism
is also used to improve GA’s performance by artificially in-
serting the best solution into each new generation. Since the
genes are real numbers, arithmetic crossover is used to gen-
erate the offspring [5]. At last, gene mutation is employed
to introduce new solutions into the new population. The
evaluation-selection-crossover-mutation process is repeated
until all the chromosomes converge to the same fitness. In
VHDL-AMS, this loop is controlled by a finite state ma-
chine.

—

GA Optimization
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Optimization of the shapes of fuzzy logic membership functions.

Considering the characteristics of the FLC application stud-
ied in this paper, a parallel GA can reduce the simulation
time thus increase the optimization efficiency. As mentioned
above, the fitness of one chromosome can only be obtained
through certain time of simulation. If the chromosomes are
simulated one by one to evaluate the population, the fitness
values need to be maintained before the selection is carried
out. Although the previous values do not change, they still
use simulator’s resources. The parallel evaluation may need
less simulation time than a sequential one.

5. EXPERIMENTAL RESULTS

In the GA optimization, the number of points on each mem-
bership curve N is chosen as 5. So there are totally 20
genes in one chromosome. The population size is 100. The
crossover and mutation rate are 0.8 and 0.01 respectively.
The stimulus is a single sine-wave period jolt of a 10cm am-
plitude and the period of 200ms. The stimulus is repeated
every three seconds, which is the system’s settling time. The
peak-to-peak value of xs, zpp, is also updated every three
seconds as the chromosome’s fitness. Simulations were car-
ried out using the SystemVision [6] VHDL-AMS simulator
from Mentor Graphics. After simulating the testbench for
600 seconds, which corresponds to 200 generations in the
GA optimization, the shapes of the membership functions
converge (see Fig.6) to an optimum. The simulation CPU
time was 16 hours 11 minutes and 44 seconds on a Pentium
4 PC.

The GA-optimized membership functions are implemented
in the FLC and simulated. For comparison, the FLCs using
triangular and trapezoidal membership functions are also
investigated. Simulation results are shown in Fig.7. The
peak-to-peak value of road displacement is 20cm. The con-
ventional FLCs can reduce it to 3.35cm (triangular) and
3.55cm (trapezoidal). The GA-optimized FLC developed
here can further decrease the value to 2.66cm, which is an
improvement of more than 20%.

6. CONCLUSION

This paper proposes a VHDL-AMS implementation of par-
allel GA to optimize the shapes of the fuzzy logic member-
ship functions as a novel way of improving the FLC’s per-
formance. A case study of the fuzzy logic controller in an
automotive active suspension system has been investigated.
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Figure 6: GA optimized membership functions.
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Figure 7: Simulation results.

Simulation results show that the proposed FLC gives su-
perior performance to that of conventional controllers with
triangular or trapezoidal membership functions.
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