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A Self-Organized Fuzzy Controller for Wheeled
Mobile Robot Using an Evolutionary Algorithm
Sung Hoe Kim, Chongkug Park, Member, IEEE, and Fumio Harashima, Fellow, IEEE

Abstract—Designing the controller of a wheeled mobile robot is
not as easy as might be supposed, on account of nonholonomic constraints. To overcome such difficulties and gain more accurate position and velocity control, a self-organized fuzzy controller is proposed. To find solutions of optimal fuzzy input and output membership functions and to determine a rule base, an evolutionary
process is proposed. The procedure that derives this solution is
composed of three steps, each step having its own unique evolutionary process. The elements of an output term set are increased
first, and then the rule base is varied according to increase of the
elements. The varied fuzzy system competes with a system that has
no element increase. If the varied fuzzy system loses in competition, then the system naturally disappears. On the other hand, if
the varied system survives, the fitness with each increased element
of the output term set and rule base is tested and unnecessary parts
are removed. After having finished regulation of output term set
and rule base, searching for input membership functions is processed with constraints to reduce the unsuitability of the system.
The searching constraints do not produce a 0 membership value
for any input. After completing the search for the input membership function, fine tuning of output membership functions is processed.
Index Terms—Fine tuning, self-organized fuzzy controller,
system competition.

I. INTRODUCTION

A

FUZZY controller is generally designed in the light of experience and expert knowledge [1]. However, such knowledge is not always easy to acquire. Moreover, even where the
system is designed by skillful and well experienced experts,
whether it is well enough designed to be optimized will be uncertain. To improve this situation, the fuzzy system can be combined with a neural network or an evolutionary process [2]–[4].
Tan and Hu have used a genetic algorithm to derive a systematic
design of a fuzzy controller [5]. Hsu has used a multi-operator
genetic algorithm to gain optimization of a fuzzy control rule.
Castro has shown a method for getting a proper upper bound of
rule number for fuzzy controllers [6], [7]. Hsu and Tsai designed
a fuzzy-proportional plus integral (PI) controller that can automatically control membership function with a genetic algorithm
[8]. However, these algorithms had some problems, in that the
algorithms cannot find both optimized rule base and membership function.
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To solve such problems, we propose a new self-organized
fuzzy algorithm that is designed through an evolutionary
process. Through this evolution process, the parameters in each
element of the output term set are updated continuously. After
finishing this updating procedure, regulation for the output
term set and rule base is processed. Then, similarities between
the existing elements of the output term set and elements of
the updated output term set are calculated. According to the
similarity degree produced by such calculation, new elements
are added to the existing output term set. Adding new elements
induces variation of the rule base. The fitness of the system
with varied rule base and added elements is evaluated. If an
acceptable result is not obtained by this evaluation, then the
added elements are removed. After the process of removing of
surplus elements is completed, a population is formed under
the regulated output term set. This process is repeated again
and again. After regulation of the output term set and rule
base, searching for optimal input membership functions is
processed under some constraints. If any output fails to exist
for any input, then the system might fall into an uncontrollable
state. To avoid such a problem, input membership functions
that are bigger than 0 of membership value for all inputs are
searched. After the searching of input membership functions
is completed, fine tuning for output membership functions
is processed. The proposed algorithm has some constraints
on application due to the system’s characteristics. However,
because optimization for rule base and membership function
are performed by self-learning, it can be applied to various
fields in which conventional fuzzy algorithms and fuzzy-neural
networks are implemented. In this paper, we performed
computer simulations for a two-degrees–of–freedom (2DOF)
wheeled mobile robot (WMR) to verify the feasibility of the
proposed algorithm.
II. REGULATION OF OUTPUT TERM SET AND RULE BASE
BY EVOLUTIONARY PROCESS
A fuzzy controller is generally composed of fuzzification,
rule base, inference engine, and defuzzification. In fuzzification,
numerical inputs are transferred as linguistic fuzzy values. A
control procedure that is processed in the rule base is depicted as
a linguistic description. In the inference engine, a linguistic control value occurs by max–min operation. In defuzzification, linguistic inference values are transformed as numerical outputs.
by memFuzzy set is described as
.
is the universe of discourse. Lanbership function
guage variable in the fuzzy controller is characterized by term
and membership function
set
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Fig. 1. Coding in chromosome for membership function parameter.

. The state vector
is defined
by a membership function and term set as follows:

Fig. 2. New chromosome production from optimal chromosome.

Each input and output membership function is described as

otherwise

(1)

The elements in the output term set are updated by evolutionary process. As shown in Fig. 1, parameters in the output
membership function are coded in the chromosome.
for the evolution process is composed
The population
of chromosomes as shown in Fig. 2. In order to get an optimal output term set, an appropriate initial output term set
is required. To have such an appropriate initial output term
set, an evolution process that involves crossover, mutation,
and reproduction is processed. While these procedures are
carried out, a large mutation rate is chosen in order to adjust
the consequent clause in the initial rule base. After arriving at
reference generation, chromosome
that has the highest fitness value is selected from the population.
is produced from chromosome
Then, new population
.
is composed of chromosome
that is produced by
(2)
where
maximum variation value;
random value from 0 to 1;
number of repeated initializations at population based
on searched optimal chromosome after reaching the
final generation.
should have a chromosome that is proThen, population
. When a new chromosome is produced, a
duced when
chosen part in the selected optimal chromosome is applied to
produce a new chromosome.
After this new population is completely composed, the
evolution process should be restarted. During the evolution process, multi-partial-mapped crossover (MPMC) is

Fig. 3. Similarity measure between two membership functions.

used [10]. When the evolution process arrives at the final
that
generation, chromosome
has the highest fitness is obtained. Through comparison of
with chromosome
chromosome
, which are all fuzzy membership
is obtained as [9]
functions, similarity measure

(3)
is the cardinality of fuzzy set .
The similarity measure between two membership functions
is shown in Fig. 3.
Adjustment of the rule base based on the similarity measure
is processed as follows [9]:

IF
THEN
Insert
term set
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Fig. 4. Adjustment of rule base and output term set.
Fig. 5.

Flowchart of competition.

IF
THEN
change the consequence of th
rule from

to

where
similarity criterion;
size of the fuzzy portion of the output linguistic variable;
firing strength from th rule;
firing strength threshold.
The procedure for adjustment of the rule base and output term
set is shown in Fig. 4.
III. SYSTEM DESIGN THROUGH COMPETITION
The output term set that has increased elements through the
.
similarity measure is described as
is
initialized
as
New
population
that is produced by
(4)
is the number of increased elements in output
where
is also initialized as
term set. Another population
that is produced through
(5)
Only selected elements in the chromosome that has the highest
fitness value are related with the production of new chromosomes. The evolution process is performed individually

for each population. The adjusted rule base is applied to
and the nonadjusted rule base is applied to
.
Such procedure is shown in Fig. 5. Having completed the
,
,
evolution process, chromosomes
and
,
,
that have the highest fitness
and
.
value are selected from populations
for
,
,
and
Then, fitness
for
,
,
are compared together. If
, then new population
is produced from
,
,
and the nonadjusted rule is applied
, then
is produced
to the evolution process. If
,
,
and the adjusted rule base is
from
applied to the following evolution process. Such an adjustment
for an output term set and a rule base is performed again and
again. The overall flowchart that contains the algorithm is
shown in Fig. 6.
IV. SEARCHING FOR INPUT MEMBERSHIP FUNCTIONS
WITH CONSTRAINTS AND FINE TUNING OF OUTPUT
MEMBERSHIP FUNCTIONS
Searching for input membership functions is performed with
same method as was done for the searching of output memberis produced from initial input
ship functions. Population
membership functions with the same method as previously. The
. While the
evolution process is performed in population
evolution process is performed, a constraint is applied. When
a fuzzy system has input, there must be a matched output. If
output for input does not exist, then an uncontrollable situation
may occur. To avoid such a problem, the membership value for
all input should be larger than 0. Having completed the search
for input membership functions with a constraint, fine tuning
for output membership function begins.
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Fig. 7.

Coordinate assignment of position and orientation of WMR.
TABLE I
PARAMETERS OF WHEELED MOBILE ROBOT

Fig. 6. Overall algorithm for self-organization.

As shown in the previous section, the aim of adjustment is
to increase the elements of the output term set and to change
the rule base. However, the aim of this section is to fine tune
output membership functions. To perform the fine tuning, popis initialized by (6) and composed of
. In
ulation
(6), is the optimal chromosome for membership functions of
the output linguistic variable that is obtained by the algorithm
shown in the previous section
(6)
is the standard deviation and
is a random
where
Gaussian number.
that has the highest fitness value is seChromosome
. By (6),
is produced from
.
lected from
that has the highest fitness is selected
Chromosome
. This iterative process performs fine tuning of
from
output membership functions. When a new population is produced with the same method as before, a chosen part in the selected optimal chromosome is applied to produce a new chromosome.
V. COMPUTER SIMULATION AND RESULTS
Computer simulation of the proposed algorithm is performed
for a 2DOF WMR. In Fig. 7, a coordinate assignment for a
means each real
robot is shown. In this figure,
robot position and rotation angle in robot reference coordinate
[11].
Parameters of the WMR that are used in the computer simulation are shown in Table I.

Fig. 8.

Overall block diagram of proposed system.

The overall block diagram of the proposed system is shown
in Fig. 8.
Input variables of fuzzy controller are an error
and an error variation
. Output variables are velocities for
,
. The number of elements of the initial term set for input
variable and output variable is five each. Each membership
function parameter is individually and randomly selected.
Population size and length of chromosome are 30 and 90,
and mutation probability
respectively. Crossover probability
are variable and initialized as 0.5 and 0.3. The mutation
rate, crossover rate, and population size were chosen by the
trial-and-error method. The chromosome was initialized by
random value in a limited range. The length of chromosome is
extended as much as the number of increased terms through
that is
learning from competition. The fitness function
used in evolution process is shown in (7). We set up the time
variable weighting factor as a monotonic increasing function.
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Fig. 9. Real trajectory of WMR for round-shaped reference trajectory.

Fig. 12.

Y velocity of robot for round-shaped reference trajectory.

Fig. 10.

Rotation angle of robot for round-shaped reference trajectory.

Fig. 13.

Real trajectory of robot along diagonal reference trajectory.

Fig. 11.

X -velocity of robot for round-shaped reference trajectory.

Fig. 14.

Orientation angle of robot along diagonal reference trajectory.

The final value of the function is 1.15 bigger than the initial
value of it in order to get gradual convergence
(7)

where is a constant weighting factor, and
is a timevarying weighting factor. Results of computer simulations for
round-shaped and diagonal reference trajectories are shown in
Figs. 9–18. Simulation results for the round-shaped reference
trajectory are shown in Figs. 9–12. The radius of the round-

shaped reference trajectory is 2.725 m and the maximum rotation speed of the WMR is 0.57 rad/s. Total moving time of the
WMR is 13 s. Acceleration and deceleration time of robot are
2 s each. The starting point position and finishing point posiand
tion of the reference trajectory are
, respectively. The starting point po.
sition of the robot is
Simulation of the round-shaped reference trajectory tracking
shows a successful result. A drastic velocity drop is shown in
axis in Fig. 11. It
the first half velocity profile along the
is assumed that the robot reduces its velocity to change course
in order to follow a predetermined trajectory. Initial rule base,
searched input, and output membership functions are shown in
Appendix A.
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Fig. 15. Robot velocity of

Fig. 16. Robot velocity of

IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS, VOL. 48, NO. 2, APRIL 2001

X axis along diagonal reference trajectory.

Y axis along diagonal reference trajectory.

Simulation results for a diagonal reference trajectory are
shown in Figs. 13–16. The full distance of the diagonal reference trajectory is 6.6 m and the maximum velocity of the WMR
along the and axes is 0.465 m/s. Total driving time is 13 s.
Acceleration and deceleration times are 2 s each. The starting
point position and finishing point position of the reference
and
,
trajectory are
respectively. The starting point position of the robot is
.
Simulation results for a diagonal reference trajectory show
that the real robot trajectory appropriately converges to the
axis
reference trajectory. Initial negative velocity for the
is caused by robot rotation. This negative velocity is proportional to the difference between the center point of the
robot’s rotation and the point of the robot coordinate that is
presumed. Sudden velocity ascent in the first half velocity
profile occurs in order to remove accumulated error along the
axis. This error arose by the initial orientation difference
between robot and predetermined trajectory. Initial rule base,
searched input, and output membership functions are shown
in Appendix B. Simulation results for the fuzzy controller
without the increase of elements in output term set are shown
in Figs. 17 and 18.

Fig. 17. Real trajectory of WMR for round-shaped reference trajectory
without adaptation for output term set and rule base.

Fig. 18. Real trajectory of robot along diagonal reference trajectory without
adaptation for output term set and rule base.

VI. CONCLUSION
In the conventional fuzzy-neural network model, the addition
of new term nodes and regulation of the rule base are not easy.
Moreover, this model produces a surplus node and it cannot
take up general defuzzification method, even where the term
node is appended. However, in the proposed algorithm, new
term nodes can be appended according to the similarity measure. In addition, removal of surplus nodes and regulation of
the rule base can also be carried out by learning from competition. The complexity of the system is reduced because the
input variables in the antecedent clause are independent of each
other and optimization becomes easier due to the reduction in
complexity. Our self-organized fuzzy controller was designed
and the feasibility of its control algorithm was tested by computer simulation. However, appropriate convergence balance at
each step to find out an optimal rule base and optimal membership functions is necessary. If earlier convergence occurs at any
step, then the proposed algorithm should lose its function, and
,
appropriate selection of the chromosome
is very important. Wrong selection of the chromosome
may induce remarkable loss of effectiveness of the algorithm.
For further study, an algorithm that is available in real time and
,
should
is robust for chromosome
be designed.
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TABLE II
INPUT MEMBERSHIP FUNCTIONS FOR ROUND-SHAPED REFERENCE
TRAGECTORY

TABLE III
OUTPUT MEMBERSHIP FUNCTIONS FOR ROUND-SHAPED REFERENCE
TRAJECTORY
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TABLE V
INPUT MEMBERSHIP FUNCTIONS FOR DIAGONAL REFERENCE TRAJECTORY

TABLE VI
OUTPUT MEMBERSHIP FUNCTIONS FOR DIAGONAL REFERENCE TRAJECTORY

TABLE VII
INITIAL RULE BASE FOR X;

TABLE IV
INITIAL RULE BASE FOR

X

; Y;

Y;

2

2
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