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Abstract-An Ant Colony Optimization (ACO) application to
a fuzzy controller design, called ACO-FC, is proposed in this
paper for improving design efficiency. A fuzzy controller's
antecedent part, i.e., the "if' part of its composing fuzzy if-then
rules, is partitioned in grid-type, and all candidate rule
consequent values are then listed. An ant tour is regarded as a
combination of consequent values selected from every rule. A
pheromone matrix among all candidate consequent values is
constructed. Searching for the best one among all combinations
of rule consequent values is based mainly on the pheromone
matrix. The proposed ACO-FC performance is shown to be
better than other evolutionary design methods on one
simulation example.

I. INTRODUCTION

Many evolutionary learning algorithms have been used
to automate fuzzy system designs. The best-known existing
evolutionary fuzzy system is the genetic fuzzy system [1]-[3],
and many studies on this topic are currently being pursued. In
contrast to evolutionary algorithms, a new swarm intelligence
optimization technique, the Ant Colony Optimization (ACO)
[4]-[6], inspired by real ant colony observations, has recently
been proposed. The ACO is a multi-agent approach for
solving difficult combinatorial optimization problems like the
traveling salesman problem (TSP) [4]. In the ACO
meta-heuristic, artificial ant colonies cooperate in finding
good solutions for difficult discrete optimization problems.
ACO algorithms have been successfully applied to a number
of different combinatorial optimization problems, like data
mining and network routing [7, 8]. In previous research [9],
ACO has been used for fuzzy system design, where learning
data is collected off-line in advance. In the on-line fuzzy
controller design problem considered in this paper, no
training data is available in advance. The data is generated
on-line during the control process. Thus the significant rule
determination and heuristic value assignment approach
proposed in [9] cannot be applied to on-line control problems.
Applying ACO to an on-line fuzzy controller design
(ACO-FC) is proposed in this paper. In contrast to [9], a
different type of pheromone matrix definition and heuristic
value assignment approach is proposed in ACO-FC.

Let a fuzzy rule be expressed in the form of "if ...
then ....". In ACO-FC, the antecedent part is produced a
priori and possible control actions are listed. Then, a possible
control action needs to be assigned for each fuzzy rule for
controller best performance. The best consequent action
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selection of all fuzzy rules can be regarded as a combinational
problem, andACO is used to solve this problem. In ACO-FC,
one selected control action combination of all fuzzy rules
corresponds to one ant tour. Best combination selection is
based on the pheromone trails between the candidate control
actions. ACO-FC performance will be verified from Section
IV demonstration simulation results. Comparisons with
designs by evolutionary

This paper is organized as follows. Section II describes
the basic ACO algorithms concept. The proposed ACO-FC is
introduced in Section III. Simulation results of ACO-FC is
demonstrated in Section IV. Finally, conclusions are
presented in the last section.

II. BASIC CONCEPT OF ANT COLONY OPTIMIZATION (ACO)

The ACO meta-heuristic was inspired by real ant
behavior, particularly how they forage for food [4]-[6]. In
ACO algorithms, a colony of artificial ants with finite size is
created, and each ant develops a solution. The performance
measure is based on a quality function F() . ACO
algorithms can be applied to problems described by a graph
consisting of nodes and edges connecting the nodes.
Optimization problem solutions can be expressed in terms of
feasible paths on the graph. Among the feasible paths, ACO
can be used to find the one with minimum cost. The problem
of selecting fuzzy rule consequences can be described by a
graph as shown in Section III, and solved by ACO algorithms.
The information collected by ants during the search process is
stored in pheromone trails r associated to edge connections.
The ants cooperate in finding the solution by exchanging
information via the pheromone trails. Edges can also have an
associated heuristic value 77 representing a priori
information about the problem instance definition or run-time
information provided by a source different from the ants.

The first algorithm to fall within the ACO algorithms
framework was the ant system (AS) [4]. The overall AS
algorithm is described, using the TSP as an example. Given a
number of cities, the TSP objective is to find a minimal travel
length, visiting each city once. A set of N cities, represented
by nodes, and a set E of edges fully connecting the
N nodes are given. Let d. be the length of the

edge (i, j) E E, that is the distance between cities i and j,
with i, j E N. At each time t, an ant in city i has to choose
the next cityj it goes to, from those cities not already visited.
Let ri (t) be the pheromone level on edge (i, j) at time t,

and 7ij be the corresponding heuristic value. In AS, the
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satisfactory control result. After 1000 iterations, HGAPSO
performance is slightly better than ACO-FC due to real
consequent parameter use and free parameter tuning. In
practical control with a sampling period of 0.1 (sec), one more
iteration means an additional time of 1 0(population
size) x 600(time step) x 0.1(sec)= 600 (sec). Thus, in
practical control, using HGAPSO or ACO-FC lies in the
dilemma between control accuracy and controller design
time.

V. CONCLUSIONS

Applying the ACO algorithm to a fuzzy controller design,
called ACO-FC, is proposed in this paper, which optimizes
fuzzy controller consequent parts. A simple but effective
heuristic value assignment approach is used without much
knowledge of the plant model or collection of input-output
training data in advance. Current simulation result shows that
the proposed ACO-FC looks a promising approach. In the
future, applications ofACO-FC on more simulation examples
will be studied.
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