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Optimizing Fuzzy Neural Networks for Tuning
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Abstract—In this paper, we formulate an optimization problem
of establishing a fuzzy neural network model (FNNM) for efficiently tuning proportional-integral-derivative (PID) controllers
of various test plants with under-damped responses using a
of training plants such that the mean tracking
large number
of the obtained
control systems is minimized. The
error
FNNM consists of four fuzzy neural networks (FNNs) where
each FNN models one of controller parameters ( , ,
, and
) of PID controllers. An existing indirect, two-stage approach
= 198 to find
used a dominant pole assignment method with
the corresponding PID controllers. Consequently, an adaptive
neuro-fuzzy inference system (ANFIS) is used to independently
train the four individual FNNs using input the selected 176 of the
198 PID controllers that 22 controllers with parameters having
large variation are abandoned. The innovation of the proposed
approach is to directly and simultaneously optimize the four
FNNs by using a novel orthogonal simulated annealing algorithm
(OSA). High performance of the OSA-based approach arises
from that OSA can effectively optimize lots of parameters of the
FNNM to minimize . It is shown that the OSA-based FNNM
with = 176 can improve the ANFIS-based FNNM in averagely
decreasing 13.08% error and 88.07% tracking error of the 22
test plants by refining the solution of the ANFIS-based method.
Furthermore, the OSA-based FNNMs using
= 198 and 396
from an extensive tuning domain have similar good performance
with that using
= 176 in terms of .
Index Terms—Fuzzy neural network (FNN), optimal design,
orthogonal experimental design (OED), proportional-integralderivative (PID) controller, simulated annealing.

I. INTRODUCTION

H

OW TO tune proportional-integral-derivative (PID) controllers for plants with disturbance and under-damped
responses is an important research from both theoretical and
industrial viewpoints. Many tuning methods for PID controllers
have been proposed [1], [2], [4], [10], [22], [25], [29]. Since
the under-damped system with disturbance has an additional
stability constraint that the damping ratio is smaller than one,
it is more difficult to tune PID controllers for plants with
under-damped responses than that for plants with over-damped
responses [22]. Ho et al. [10] developed a tuning formula
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for self-tuning PID controller of a plant with under-damped
responses based on the gain margin and phase margin specifications. The method proposed by Wang et al. [25] is based on
the closed-loop pole allocation strategy through the use of root
locus.
Recently, a two-stage approach to establishing a fuzzy
neural network model (FNNM) consisting of four separate
fuzzy neural networks (FNNs) for tuning PID controllers of
various test plants with under-damped responses is proposed
[22]. First, a dominant pole assignment method with a batch
of 198 training plants is used to find the corresponding PID
controllers. Second, an adaptive neuro-fuzzy inference system
(ANFIS) [20], [21] is utilized to independently train the four
individual FNNs for modeling the four individual parameters
of the PID controller using the input 176 of the
198 PID controllers that 22 controllers with parameters having
large variation are abandoned. In [22], it is shown that the
results of four test plants with various characteristics using the
FNNM obtained from the ANFIS-based method have better
balance performance between set-point and load-disturbance
responses than those of the methods [10] and [25]. Because the
FNNM is obtained without considering the global minimization
of tracking errors for the entire tuning domain, the effective
tuning domain is restricted and the tracking error is not yet
minimized.
It is useful to establish an optimal FNNM which can efficiently tune the PID controllers for various test plants with
under-damped step responses. The motivation of this study
is to improve FNNM as well as the performances of the generated PID controllers by analyzing the merit and drawback
of the ANFIS-based method and then propose an efficient
method. In this paper, we formulate an optimization problem
of establishing an FNNM for efficiently tuning PID controllers
of various test plants with under-damped responses using a
large number of training plants. The objective function is to
minimize the mean tracking error of the obtained control
systems with the constraint that each of the
corresponding
control systems satisfies a robustness constraint.
The major difficulties of solving the optimization problem are
as follows: 1) The parameters in different FNNs have interactions and the number is as large as 258 in [22]; 2) the objective
function with these 258 parameters is highly nonlinear and
its search space is multimodal; 3) it is almost impossible to derive an analytic solution and thus the optimal objective function
value is not known in advance; and 4) the robustness constraints
for all control systems are very intractable.
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For coping with the aforementioned difficulties, we proposed
an efficient approach to directly and simultaneously optimize
the four FNNs by using a newly developed orthogonal simulated annealing algorithm (OSA) [11], [12]. High performance
of the OSA-based approach arises from that OSA can simultaneously search for a solution of the 258 parameters to minimize (for difficulties 1–3). The ANFIS-based method using a
two-stage approach can obtain a feasible solution. To efficiently
find a feasible solution as good as possible, the feasible solution
from [22] is used as an initial solution of OSA (for difficulty 4).
OSA uses a divide-and-conquer approach to solving the
large-scale problem based on orthogonal experimental design
(OED) [3], [6], [18], [27]. Recently, we have successfully
incorporated OED into simulated annealing [23] and genetic
algorithm [8] for solving large-scale intractable engineering
problems [11]–[13]. However, the newly-developed intelligent
evolutionary algorithm (IEA) [13] requires an initial population of feasible solutions with high diversity (for difficulty 4)
that is not an easy task. It is shown by computer simulation
can improve the
that the OSA-based FNNM with
ANFIS-based FNNM in averagely decreasing 13.08% error
and 88.07% tracking error of the 22 test plants. The OSA-based
FNNM using the four specific test plants from [22] can averagely improve 15.63% tracking errors of the under-damped
systems. Furthermore, the OSA-based FNNMs using
and 396 from an extensive tuning domain have similar good
in terms of .
performance with that using
This paper is organized as follows. In Section II, we formulate an optimization problem of establishing an FNNM for
tuning PID controllers for plants with under-damped responses.
In Section III, the analysis of the investigated optimization
problem is given to illustrate the motivation of using the
OSA-based approach. In Section IV, the approach OSA-based
FNNM is presented in detail. Performance comparisons are
given in Section V to demonstrate the efficiency of the proposed
method. Finally, conclusions are given in Section VI.
II. INVESTIGATED OPTIMIZATION PROBLEM
The investigated optimization problem is to establish an
FNNM for tuning PID controllers for plants with under-damped
responses. Section II-A describes an under-damped system.
Section II-B describes the architecture of FNNM. Section II-C
gives a formulation of the investigated optimization problem.
A. Under-Damped System and PID Controller
Consider an under-damped system with disturbance. Let
be a training plant,
be a PID controller,
be
a set point,
be a controller output,
be an output of
be a tracking error, and
the system,
be an external disturbance. The under-damped training plant is
modeled by the transfer function

in the training plants can be characterized by only two plant
, where
parameters
[10], [22]. The transfer function of the PID controller is
(2)
For improving the set-point response of the system, a
set-point weighting is introduced into the PID controller as
follows:
(3)
where , , , and are the four controller parameters. For
obtaining better modeling results, and
are normalized as
, and
, respectively [22]. Let
denote the maximum
sensitivity and it is a robustness measure for stability, written as
follows:
(4)
From [2], we know that if the nominal system is stable and its
is less than a stability value (typical values fall in the range
from 1.4 to 2.0), then the system subjected to a unit step disturbance at the process input is still stable. The design goal of
FNNM is that the FNNM can generate PID controllers such that
of the control system is as small as posthe tracking error
is smaller than a prescribed
sible under the constraint that
value, such as the standard value 2.0 used by [22].
B. The Architecture of FNNM
An FNNM consists of four fuzzy neural networks (FNNs).
Each FNN models one of the four controller parameters , ,
, and . The architecture of an FNN is shown in Fig. 1. We
denote the output node in layer as
. Suppose plants
are given and have
implications. The value of one of
the controller parameters , , , and is implied as follows.
Layer 1: Every node in this layer is an adaptive node with a
node output defined by

(5)
(or ) is the
where (or ) is the input to the node and
fuzzy set associated with this node. In other words, outputs of
this layer are the membership values of the premise part. The
membership functions are characterized by the generalized bell
functions

(6)
(1)
, and
are dead time, natural frequency and
where ,
damping ratio, respectively. The plant parameters

where
is a parameter set. Parameters
in this layer are referred to as premise parameters.
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Architecture of an FNN.

Layer 2: Every node in this layer is a fixed node labeled ,
which multiplies the incoming signals and outputs the product.
For instance

,
be
For convenience, let the vector
the parameters of an FNN for modeling , which consists of
consequent and premise parameters

(12)
(7)
Each node output represents the firing strength of a rule.
Layer 3: Every node in this layer is a fixed node labeled .
The th node calculates the ratio of the th rule’s firing strength
to the sum of all rules’ firing strengths

In this study, we adopt the values of
and used in [22].
,
, and
,
and
. Due to the large
For
and
variation of the parameter , the larger values of
are used. The numbers of parameters of the four FNNs for
, , , and are 57, 57, 57, and 87, respectively. Therefore,
there are 258 parameters to be optimized for an FNNM.
C. The Optimization Problem

(8)
Outputs of this layer are called normalized firing strength.
Layer 4: Every node in this layer is an adaptive node with
a node function
(9)
is the output of layer 3 and
is a paramwhere
eter set. Parameters in this layer are referred to as consequent
parameters.
Layer 5: The single node in this layer is a fixed node labeled
that computes the output as the summation of all incoming
signals
(10)

Designing an optimal FNNM has valuable contribution to
tuning PID controllers from both theoretical and industrial viewpoints. In this paper, we obtained a useful FNNM by simultaneously formulating an optimization problem and developing an
effective optimization algorithm. The optimization problem is
to optimize an FNNM for tuning PID controllers for plants with
of training
under-damped responses using a large number
plants. For performance comparison with the FNNM in [22], the
tracking error using the same Laplacian -norm which treats the
error uniformly at each point is adopted. The objective function
is to minimize the mean tracking error of the obtained corresponding control systems
(13)

Layer 6: The single node in this layer is a fixed node labeled that computes the overall output as the exponential of
incoming signal:

with the constraint that each of the
corresponding control
. Let
systems satisfies the robustness constraint
be a candidate solution consisting of the four FNN parameter
vectors

(11)

(14)
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Fig. 2. Flowcharts of the ANFIS- and OSA-based approaches. The desired FNN model has a controller parameter vector X
M ;M
;M
;M
to be
optimized. The ANFIS-based approach uses the DPA method to obtain PID controllers and consequently uses ANFIS to model the four parameters K , T , T ,
and b of PID controllers using four independent runs to obtain X . The OSA-based approach directly and simultaneously optimize all parameters of X using the
objection function of minimizing a mean tracking error J .

The quality of the optimized FNNM is evaluated in terms of
and . An effective approach to optimizing FNNM should be
able to handle an extensive tuning domain by sampling a large
number of training plants and obtain controllers with minimal
tracking errors for training and test plants.
The objective function of establishing an FNNM has the
characteristics of nonlinear function, high degree of freedom,
strong interactions among parameters, intractable constraints,
multi-modal and huge search space. Moreover, it is hard to
derive a mathematical formula for defining the objective function because of numerous highly interacted nonlinear functions
in the fuzzy neural networks and under-damped system. Consequently, there is no analytic solution to the optimization
problem. The essential issue is how to effectively search for a
to the large-scale constrained paramsatisfactory solution
eter optimization problem, considering the above-mentioned
characteristics.
How do we know if the objective function has a solution or
not? Of course, we cannot tell with certainty whether an optimization algorithm will finally find an optimal solution. However, even though there is no certainty, there are some clues for
of the globally
optimizing the FNNM. Since the value
optimal solution cannot be known in advance because of huge
search space and no analytic solution, the aim of our method
using OSA is to find a potentially good approximation to the
global optimum in a limited amount of computation time. Therefore, when a feasible solution with a small value (as small as
possible) is found which may be a local or near-local optimum,
the obtained FNNM might be useful enough for real-world applications although a global optimum may be not yet found.
How to cope with the intractable constraint that each of the
corresponding control systems satisfies the robustness conis the major concern in developing an optistraint
mization algorithm. If an algorithm can find a solution with the
value small enough, the constraint can be satisfied with a large
probability. In other words, for convenient design, the algorithm
can temporally ignore the constraint by focusing on pursuing the
solution with a smallest value.

To ensure high quality of the obtained PID controllers from
test plants of practical applications, a large number of training
plants for increasing the sampling density in the tuning domain
is helpful. However, increasing the value of would make the
search of feasible solutions more difficult if no heuristics are
available. In the following section we would analyze the merit
and weakness of the ANFIS-based approach [22], integrate
our experience in solving large-scale optimization problems
[11], [13], and develop an efficient method to establish a useful
FNNM for tuning PID controllers.
III. ANALYSIS OF THE INVESTIGATED PROBLEM
In Section III-A, we briefly review and analyze the ANFISbased approach [22]. In Section III-B, we illuminate our
experience of utilizing the commonly-used population-based
genetic algorithm (GA) [8], [13] and point-based simulated annealing (SA) technique [11], [12], [23] to solve the investigated
problem.
A. The Merit and Weakness of the ANFIS-Based Approach
The ANFIS-based approach consists of two stages, as
shown in Fig. 2. In Stage I, Shen chose a batch of
training plants
which are combinations of
, , and
, as listed in Table I, and utilized a dominate pole assignment (DPA) method to obtain the corresponding
for systems
198 feasible PID controllers
. The variation of the
with the robustness constraint
obtained from DPA is large
parameters
and
. Generally, the
in the range
plants in this range are those with large dead time, large natural
frequency, and poor damping. These plants make it difficult to
establish an FNN for identifying the relationship between
and
using ANFIS in Stage II. Therefore, Shen abandoned
22 of the 198 PID controllers that their plants belong to this
range. In Stage II, Shen used ANFIS to establish four separate
FNNs to independently model the individual parameters , ,
, and by utilizing the 176 sets
.

HO et al.: OPTIMIZING FUZZY NEURAL NETWORKS FOR TUNING PID CONTROLLERS

425

TABLE I
198 TRAINING PLANTS (;  ) WHICH ARE COMBINATIONS OF ! , L AND  = 0:1; 0:2; . . . ; 0:9

Let
and
be the values of a controller parameter obtained from DPA and ANFIS for the th training plant
. Shen used a root mean square error (RMSE) as an objective function for ANFIS to train an FNN, described as follows:
minimize
(15)
The ANFIS identifies the relationship between multi-input paand a corresponding single-output
. Thererameters
fore, it takes four independent runs for ANFIS to establish the
.
FNNM for the four controller parameters
The merit of the two-stage ANFIS-based approach is to obtain a feasible solution to the problem of establishing an FNNM
with the intractable constraints that each of the corresponding
.
control systems satisfies the robustness constraint
The weakness of the ANFIS-based approach is highlighted here.
1) The objective function (15) of optimizing the FNNM is
the RMSE between
and
. That the four
FNNs have small values of RMSE don’t guarantee that the
FNNM can generate PID controllers with a small value
of . It is better to optimize the FNNM by directly minimizing the tracking error which is a good performance
measure of PID controllers.
2) The high performance of the PID controllers depends on
that the four FNNs must be accurately determined simultaneously due to their interactions. The independent determination of each FNN would result in large tracking
errors, especially when the modeling error of each FNN
are inside
is very large, e.g., the errors of , , and
10% and the error of is inside 30% [22].
3) The decrease of the number of training plants results from
that the ANFIS cannot effectively model the controller parameters from the input data with large variation. If a large
number of training plants is used to extend the effecwould be very
tive tuning domain, the variation of
large. To avoid from decreasing the number , it would be
better to optimize the FNNM by directly determining the
258 parameters simultaneously to minimize such that
the number can be advantageously increased.
B. Feasibility of Using GA and SA
Considering the merit and weakness of the ANFIS-based
two-stage approach, an intuitive method is to directly search

for an optimal solution by minimizing the objective function
using optimization algorithms such as GA and SA, discussed
here.
The majority of control applications in the literature adopted
GA-based approaches [7]. Recently, researchers have become
increasingly interested in the use of GA as a means to design
various classes of control systems [5], [15]. Inspired from
the mechanisms of natural evolution, GAs utilize a collective
learning process of a population of individuals. Descendants of
individuals are generated using randomized operations such as
mutation and crossover. Mutation corresponds to an erroneous
self-replication of individuals, while crossover exchanges information between two or more existing individuals. According
to a fitness measure, the selection process favors better individuals to reproduce more often than those that are relatively
worse [8]. The superiority of GA is achieved by using several
search principles simultaneously such as population-based
heuristics, and balance between global exploration and local
exploitation. From our study using extensive simulations, we
find that it is difficult to utilize GAs for obtaining a satisfactory
solution to the investigated optimization problem because:
1) the population, having a large number, e.g., 50, of feasible
solutions with large diversity, is hard to obtain using random
generation mechanisms; 2) the children obtained from the usual
search operator, crossover, are often infeasible and feasibility
maintenance is difficult; and 3) the conventional GAs cannot
effectively cope with the large-scale parameter optimization
problem due to both large search space and expensive objective
function evaluations [14].
Simulated annealing (SA) is an efficient optimization technique by iteratively refining an initial solution. Unlike the other
point-based techniques such as hill-climbing, SA aims at escaping from local optima to find a globally optimal solution, and
has been widely applied in various engineering problems [19],
[26], [28]. The flowchart of a standard SA algorithm is shown
in Fig. 3 [11]. A standard SA algorithm consists of a sequence
of iterations. An initial solution is generated as a current solution. Each iteration employs a randomized perturbation on the
current solution, e.g., the mutation of GA, to generate a candidate solution in the neighborhood of the current solution. The
neighborhood is defined by the choice of the generation mechanism. The generation mechanism of a standard SA uses a generate-and-test method. If the candidate solution is better than
the current solution, it is accepted as a new current solution.
Otherwise, it is accepted according to Metropolis’ criterion [17]
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arranged in rows and columns where each row represents the
levels of factors in each combination, and each column represents a specific factor that can be changed from each combination. The term “main effect” designates the effect on response
variables that one can trace to a design parameter [3]. The array
is called orthogonal because all columns can be evaluated independently of one another, and the main effect of one factor does
not bother the estimation of the main effect of another factor [6],
[18].
Factor analysis using the orthogonal array’s tabulation of experimental results can allow the main effects to be rapidly estimated, without the fear of distortion of results by the effects
of other factors. Factor analysis can evaluate the effects of individual factors on the evaluation function, rank the most effective
factors, and determine the best level for each factor such that the
evaluation function is optimized.
OED uses well-planned and controlled experiments in which
certain factors are systematically set and modified, and then
main effect of factors on the response can be observed. OED
specifies the procedure of drawing a representative sample of
experiments with the intention of reaching a sound decision [3].
Therefore, OED using OA and factor analysis is regarded as a
systematic reasoning method.
An illustrative example of OED using an objective function
is given as follows:
Fig. 3. Flowchart of a standard simulated annealing algorithm. The
generation mechanism of OSA uses IGM, a systematic reasoning method
based on orthogonal experimental design, instead of the conventional random
generation mechanism [11].

based on Boltzman’s probability. The generation mechanism of
SA plays an important role in developing an efficient SA algorithm. The standard SA is difficult to explore an extremely large
and nonlinear multimodal search space in a reasonable amount
of computation time and is not acceptable for many intractable
engineering applications [24]. It is also difficult to utilize a standard SA for coping with the investigated optimization problem
because the random generation mechanism cannot effectively
explore an extremely large search space.
IV. PROPOSED OSA-BASED FNNM
A. Concepts of Orthogonal Experiment Design (OED)
An efficient way to study the effect of several factors simultaneously is to use OED with both orthogonal array (OA) and
factor analysis. The factors are variables (parameters), which
affect the response variable (objective function), and a setting
(or a discriminative value) of a factor is regarded as a level of
the factor. A “complete factorial” experiment would make measurements at each of all possible level combinations. However,
the number of level combinations is often so large that this is
impracticable, and a subset of level combinations must be judiciously selected to be used, resulting in a “fractional factorial”
experiment [3], [6], [18]. OED utilizes properties of fractional
factorial experiments to efficiently determine the best combination of factor levels to use in design problems.
OA is a fractional factorial array, which assures a balanced
comparison of levels of any factor. OA is an array of numbers

maximize

(16)

,
, and
. This
where
maximization problem can be regarded as an experimental design problem of three factors, with three levels each. Let factors
1–3 be parameters , , and , respectively. Let the small,
medial, and large values of each parameter be the levels 1–3
of each factor, respectively. The objective function is the responsible variable. A complete factorial experiment would evallevel combinations and then the best combination
uate
with
can be obtained. Let
denote an objective function value of the level combination .
The factorial array and results of the complete factorial experiment are shown in Table II. A fractional factorial experiment
uses a well-balanced subset of level combinations, such as the
1st, 5th, 9th, 11th, 15th, 16th, 21st, 22nd, and 26th combinations. The best one of the nine combinations is the 21st comwith
. Using OED,
bination
we can reason the best combination (3, 4, 7) from analyzing the
results of the nine specific combinations, described in the next
section.
B. The Used OED
IGM uses one of two classes of OAs depending on applications. One is the class of two-level OAs used for optimization problems with a number of 0/1 decision variables [12].
The other is the class of three-level OAs used for optimization
problems with continuous/discrete parameters [11]. All the optimization parameters are generally partitioned into nonoverlapping groups. One group is regarded as a factor.
In this study, OSA uses OED with three-level OAs described
later. Let there be factors where each factor has three levels.
for a complete
The total number of level combinations is
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TABLE II
COMPLETE FACTORIAL EXPERIMENT. THE UNDERLINED NUMBERS OF h FROM
WHICH CORRESPONDS TO AN ORTHOGONAL ARRAY L (3 )

factorial experiment. To use an OA of
factors, we obtain
an integer
where the bracket represents
with
rows
a ceiling operation, build an OA
columns, use the first
columns, and ignore
and
columns [9], [11]. For example, if
the other
, then
and
is used. The
numbers 1, 2, and 3 in each column indicate the levels of the factors. Each column has an equal number of 1s, 2s, and 3s. The
array is orthogonal when the nine pairs, (1,1), (1,2), (1,3), (2,1),
(2,2), (2,3), (3,1), (3,2), and (3,3), appear the same number of
times in any two columns. Table III illustrates an example of
.
OA can reduce the number of level combinations for factor
analysis. The number of OA combinations required to analyze
, where
all individual factors is only
. Algorithms of constructing OAs with various
levels can be found in [16]. The algorithms for constructing the
two- and three-level OAs used by OSA can be found in [11].
After proper tabulation of experimental results, the summarized
data are analyzed using factor analysis to determine the relative
level effects of factors.
where
Define the main effect of factor with level as
and

A

WELL-BALANCED SUBSET

TABLE III
ORTHOGONAL ARRAY L (3 )

TABLE IV
CONCISE EXAMPLE OF IGM

(17)
if the level of factor of combination is ; othwhere
. Consider the case that the objective function is
erwise,
to be minimized. The level of factor makes the best contribution to the objective function than the other two levels of factor
do when
. On the contrary, if the objective function is to be maximized, the level is the best one
when
. The main effect reveals the
individual effect of a factor. The most effective factor has the
.
largest one of main effect differences
. After
Let
the potentially best one of three levels of each factor is determined, an intelligent combination consisting of all factors with
the best levels can be easily derived.
An illustrative example of OED for solving the optimization
problem with (16) is described below (see Table IV). First, use
, set levels for all factors as above mentioned, and
an
evaluate the response variable
of the combination , where
. Second, compute the main effect
where

and
. For example,
. Third, determine the best level of each factor based on the
main effect. For example, the best level of factor 1 is level 3
. Therefore, select
. Finally, the
since
with
can be
best combination
with
obtained. The most effective factor is
which is the largest one. It can be verified from (16) that
has
the largest coefficient 100. Note that if only OA combinations
without factor analysis are used, the obtained best solution is
with
, not the reasoned solution
(3, 4, 7).
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Mean convergences of OSA from five independent runs. (a) T176. (b) T198. (c) T396.

C. Intelligent Generation Mechanism (IGM)
Consider a parametric optimization function with param. IGM genereters and a current solution
and
ates two temporary solutions
by perturbing , where
and
are generated
as follows:
from
and

(18)

The values of
are generated by the Cauchy–Lorentz probais out of the domain range of
bility distribution [23]. If
, randomly assign a feasible value to
. IGM aims at efficiently combining good values of parameters from solutions
,
, and
to generate a good candidate solution for the
next move.
parameters into
nonoverlapping
Divide all the
, and
,
groups using the same division scheme for ,
. The proper value of
is problem-dependent.
The larger the value of , the more efficient it is the IGM if the
interactions among groups are weak. If the existing interactions
among parameters are strong, the smaller the value of , the
more accurate it is the estimated main effect of individual
groups. Considering the tradeoff, an efficient division criterion
is to minimize the interactions among groups while maximizing
at each call of the
the value of . Note that the parameter

following IGM operation can be a constant or variable value.
In this study, OSA uses a constant value of .
How to perform an IGM operation using
factors on a
to an objective function is described as
current solution
follows.
Step 1) Generate two temporary solutions
and
using
.
, and
into
groups of
Step 2) Divide each of ,
parameters where each group is treated as a factor.
columns of an OA
,
Step 3) Use the first
.
where
Step 4) Let levels 1, 2 and 3 of factor represent the th
, and
, respectively.
groups of ,
Step 5) Compute
of the generated combination , where
. Note that is the value of
.
where
Step 6) Compute the main effect
and
, 2, 3.
Step 7) Determine the best one of three levels of each factor
based on the main effect.
Step 8) The candidate solution is formed using the combination of the best groups.
is superior to the
sampling
Step 9) Verify that
solutions derived from OA combinations and
. If it is not true, let be the best one of these
sampling solutions.
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Fig. 5. Tracking error e of individual training plants. (a) T176. (b) T198. (c) T396.

The overhead of IGM in preparing OA experiments and factor
analysis is relatively small, compared with the cost of function
evaluations. Note that the used OAs are generated in advance.
per IGM
The number of objective function evaluations is
evaluations in Step 5) and
operation, which includes
one in Step 9). Let be the total number of iterations, which
equals the number of IGM operations. The complexity of OSA
function evaluations. If interactions among groups
is
are weak, is a potentially good approximation to the best one
of all the
combination.
D. The Proposed OSA-Based Approach
The purpose of the OSA-based approach is the same with that
of the ANFIS-based approach, which is to obtain an FNNM consisting of four FNNs for tuning PID controllers. The OSA-based
approach using a one-stage approach is shown in Fig. 2 for illuminating the difference from the ANFIS-based approach. We
solve the investigated optimization problem using OSA to directly search for with a minimal value of . The only difference between OSA and a standard SA algorithm is that the generation mechanism of OSA uses an IGM-based on OED [3], [6],
[9], [18], instead of the conventional random generation mechanism [11].

TABLE V
VALUES OF J FOR VARIOUS FNNMs

OSA with IGM can hybridize the advantages of global exploration and local exploitation by focusing on accuracy and
computation time. IGM can efficiently generate a good candidate solution for the next move by using a systematic reasoning
method to efficiently exploit the neighborhood of a current solution, resulting in effectively obtaining a good solution to the
large-scale parameter optimization problem [11], [12].
To effectively solve the intractable constraints of the optifrom
mization problem, we borrow a feasible solution
[22] as an initial solution of OSA which is obtained using the
ANFIS-based approach. Consequently, we specify effective domain ranges for each of the 258 parameters of FNNM. IGM can
effectively search for a good feasible solution from the neighborhood of a current solution. The OSA-based approach is designed toward having the following objectives.
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TRACKING ERRORS e

AND e
FOR
THE RATIO e

TABLE VI
ANFIS

=e

AND OsSA, RESPECTIVELY, USING 22 UNSEEN
FOR SUM OF ALL ERRORS IS 11.93%

1) Accurate FNNM with a minimal value of using a large
number of training plants can be obtained.
2) The effective tuning domain is extensive and the FNNM
is accurate in obtaining PID controllers for unseen test
plants.
3) FNNM can be specially designed by specifying an interesting tuning domain and sampling a proper number of
training plants.
E. The Algorithm of the OSA-Based Method
There are four choices must be made in implementing an SA
algorithm for solving an optimization problem: 1) solution representation, 2) objective function definition, 3) design of the
generation mechanism, and 4) design of a cooling schedule. The
choices 1 and 2 are problem-dependent. Designing an efficient
generation mechanism plays an important role in developing SA
algorithms. Generally, there are four parameters to be specified
in designing the cooling schedule: 1) an initial temperature ,
of iterations to
2) a temperature update rule, 3) the number
be performed at each temperature step, and 4) a stopping criterion of the SA algorithm.
The used OSA with IGM optimizes an FNNM using the obin (13) with the robustness constraint.
jective function
OSA uses a simple geometric cooling rule by updating the temth temperature step using the formula:
perature at the
,
where
is the cooling rate
which is a constant smaller than 1 but close to 1. The higher
the temperature, the larger it is the possibility of accepting the
candidate solution worse than the current solution. We borrow
from Appendix of
a feasible solution
[22]. The effective domain range of each parameter of is
,
, derived from the experidefined as
ence of our computer simulations using various numbers of
raining plants.
The designs of generation mechanism and cooling schedule
would affect the convergence of OSA. By gradually reducing
the step size of moves and properly setting the parameters of
cooling schedule, SA would finally converge to a local optimum
[11], [23]. Of course, the generation mechanism would dominate the convergence performance. Considering the tradeoff of
computation cost and solution quality, one can adaptively adjust
the control parameters in the cooling schedule. The parameters

TEST PLANTS T22.

of the following OSA for obtaining the solution to the inves,
,
, and the
tigated problem are:
and
.
stopping condition uses
OED has been proven optimal for additive and quadratic
models, and the selected combinations are good representations
for all of the possible combinations [27]. The OED-based IGM
performs well in terms of convergence performance, compared
with the conventional random generation mechanism in solving
large-scale optimization problem [11]. However, how to determine the size of OA and then assign the FNNM parameters
to the corresponding factors is important. For advancing the
performance of OSA, the FNNM parameters having stronger
interactions are encoded together such as the vectors in (12)
belonging to the same FNN
and (14). All the parameters
and the
are grouped together in (12). In this study,
used OA is
. Let be the number of parameters of the
th FNN. One vector
corresponds to successive 10 factors
and the parameters are assigned to the 10 factors. The nine
cut points are randomly specified from the
candidate cut
points which separate individual parameters. The algorithm of
the used OSA is described here.
. Generate an initial feasible soluStep 1) Initialize
tion as a current solution. Let
be the value of
at the th iteration and
. Compute the value
.
Step 2) Perform an IGM operation using factors on to
generate a candidate solution .
:
Step 3) Accept to be the new with probability
if
if

(19)

Step 4) Increase by one. Compute
using the current
solution .
.
Step 5) Let the new value of be
Step 6) Let
. If
for
,
, stop the algorithm.
Otherwise, go to Step 2).
V. PERFORMANCE EVALUATION
The performance of the OSA-based approach and the quality
of the obtained FNNM as well as PID controllers are evaluated
by comparing with those of the ANFIS-based approach which
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TABLE VII
FOUR TEST PLANTS

has the same objective. The same set of 198 training plants from
[22] as listed in Table I, called T198, is divided into two sets:
T176 consists of the 176 training plants used by ANFIS and
and
T22 consists of the remainder, 22 training plants (
) abandoned by ANFIS. To evaluate the ability of handling the problem of a large number with an extensive tuning
domain, we generate additional 198 training plants from T198
and . The set consisting of
by exchanging the values of
these 198 training plants and T198 is called T396.
In the following computer simulations, the entire program is
written by C where a subroutine from MATLAB is used to compute the tracking errors. The obtained FNNM can be evaluated
from both training and test performances. Section V-A gives
the training performance using various numbers of training
plants. Section V-B gives the test performance using unseen test
plants.

Fig. 6. Tracking error e of individual training plants using T22 as test plants.

A. Training Performance of FNNM

TABLE VIII
OBTAINED CONTROLLER PARAMETERS FROM THE FNNM OF OSA USING T176

The training performance of FNNM is the criterion for evaluating the optimization ability of the OSA-based approach, which
is evaluated in terms of and . A high-quality FNNM should
be obtained from an extensive tuning domain by sampling a
large number of training plants and can generate PID controllers with a small mean tracking error .
Each of the three sets T176, T198, and T396 is used as input
of OSA to search for a solution to the investigated problem.
Five independent runs are conducted for each set. The mean
convergences of OSA for three training sets are shown in Fig. 4,
where the numbers of objective function evaluations are 65692,
79948, and 80 029 for T176, T198, and T396, respectively. The
values of for various FNNMs are given in Table V where the
reported value 22.17 of for the ANFIS-based FNNM is ob. The tracking errors of individual training
tained using
plants are shown in Fig. 5. The simulation results reveal the
following.
1) The OSA-based FNNM using T176 can improve the
ANFIS-based FNNM in averagely decreasing 13.08%
to 19.27. Fig. 5(a) reveals that the
error from
FNNM of OSA has smaller errors for most of training
plants than that of ANFIS, where the largest tracking
errors for OSA and ANFIS are close to 100.

TABLE IX
PERFORMANCE COMPARISONS OF TRACKING ERRORS e
FOR ANFIS AND OSA, RESPECTIVELY

AND

e

2) The OSA-based FNNM using T196 has
,
which is better than the ANFIS-based FNNM using
T176. Fig. 5(b) shows that the tracking errors of the
training plants in T176 and T22 are smaller than 100.
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Fig. 7.

IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. 14, NO. 3, JUNE 2006

Set-point and load-disturbance responses of four plants. (a) P1. (b) P2. (c) P3. (d) P4.

It means that the OSA-based approach can cope with
the training plants with large dead time, large nature
frequency, and poor damping.
3) The mean values of of OSA for T176, T198, and T396
are 19.27, 21.26, and 20.39, respectively. The OSA-based
FNNMs using T198 and T396 have similar good performance with that using T176 in terms of . The tracking errors for T396 are also smaller than 100, shown in Fig. 5(c).
It manifests that increase of the value of does not result
in degrading the performance of the OSA-based FNNM.
4) The standard deviation of is not very small. To robustly
obtain a more accurate solution , we can adjust the pafor slow
rameters of OSA, such as increase of and
convergence. However, it would suffer from long computation time. Fortunately, the optimal design of FNNM
is off-line and cost-effective for obtaining an accurate
FNNM.
From the simulation results, it reveals that the OSA-based approach is efficient in optimizing fuzzy neural networks to obtain
FNNMs for tuning PID controllers.

B. Test Performance of FNNM
To evaluate the test performance of FNNM, we use unseen
plant models to obtain corresponding PID controllers from the
established FNNM and examine the performance of their control systems. Two test problems are conducted for performance
comparisons.
Test Problem 1: Since the FNNM of the ANFIS-based
approach is obtained using T176, we use T22 (which are
intractable for ANFIS) as the test set to obtain 22 sets of controller parameters from the FNNM obtained from OSA using
T176. The individual tracking errors of the 22 plant models are
shown in Fig. 6 and Table VI. The mean tracking errors of the
22 plants for ANFIS and OSA are 262.3 and 31.3, respectively.
The OSA-based approach can averagely improve 88.07%
tracking error. Note that all the obtained systems are stable and
most systems of the test plants have tracking errors smaller than
100. The test performance is slightly worse than the training
performance for the OSA-based FNNM. It means that no
overtraining problem is occurred. From the test problem, the
advantage of FNNM is well recognized that the FNNM can fast
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generate 22 PID controllers on-line from these 22 intractable
test plants, relative to the conventional methods [10], [25].
Test Problem 2: For further comparing the quality of the
obtained PID controllers with those of other PID controllers obtained from the conventional methods [10], [25], the four specific test plants (P1–P4) used in [22] are used to compare performance, shown in Table VII. The characteristics of the four
plants are: 1) P1 is a heavily oscillatory and short apparent dead
time plant; 2) P2 is a heavily oscillatory and high-order plant;
3) P3 is a high-order and moderately oscillatory plant; 4) P4 is a
high-order and long apparent dead-time plant; and 5) the values
and
of and for the four plants do not fall in the range
. The obtained controller parameters from the FNNM
of OSA with T176 are given in Table VIII. The tracking errors
of OSA and ANFIS based systems are given in Table IX. The
set-point and load-disturbance responses of the four controllers
are shown in Fig. 7.
The design of optimal PID controllers has two minimization objectives to be simultaneously optimized: 1) robust stability and disturbance attenuation, and 2) tracking error. Since
the two competing objectives cannot be evaluated in terms of
the same measurement, the optimal controller design problem
is essentially a multi-objective optimization problem. In com(for the first objecparing two stable systems with
tive), the tracking error is the only quantitative measurement.
The tracking error is responsible to the quality of oscillation. To
further examine the oscillation performance, the set-point error
and load-disturbance are analyzed.
From Table IX, the OSA-based FNNM can generate four
PID controllers having a mean tracking error 7.811 55 from
the four test plants while the ANFIS-based FNNM has a mean
error 9.259 15. The OSA-based FNNM can averagely improve
15.63% tracking errors for the four test plants. From carefully
observing the response performance in Fig. 7, the load-disturbance performances of the four OSA-based under-damped
systems are all better than those of the ANFIS-based ones.
However, the set-point responses of the OSA-based systems
are slightly worse than those of the ANFIS-based ones. Note
that the four test plants of the ANFIS-based FNNM have better
balance performance between set-point and load-disturbance
responses than those of the methods [10] and [25]. Therefore,
the simulation results show that the proposed approach can
obtain the FNNM providing high-quality PID controllers with
a good balance between the set-point and load-disturbance
responses.
VI. CONCLUSION
In this paper, we formulated an optimization problem of establishing an FNNM for efficiently tuning PID controllers of
various test plants with under-damped responses using a large
number of training plants such that the mean tracking error
of the obtained control systems is minimized. At the same
time, we proposed a novel orthogonal simulation annealing algorithm OSA to solve the large-scale constrained optimization
problem. High performance of the OSA-based FNNM arises
from two aspects: 1) the tracking errors and stability constraints
are directly embedded in the objective function for tuning PID
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controllers, and 2) OSA can effectively search for a near-optimal feasible solution to the large-scale parameter optimization
problem. The benefits of using OSA to optimize FNNMs are
also analyzed. It has been shown that the OSA-based FNNM
can improve the ANFIS-based FNNM in avwith
eragely decreasing 13.08% error and 88.07% tracking error
of 22 unseen test plants. The OSA-based FNNM using four
specific test plants can averagely improve 15.63% tracking errors of the under-damped systems. Furthermore, the OSA-based
and 396 from an extensive tuning doFNNMs using
in
main have similar good performance with that using
terms of . The simulation results also show that the proposed
approach can obtain the FNNM providing high-quality PID controllers with good oscillation performance as well as a good balance between the set-point and load-disturbance responses.
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