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Abstract:

In this paper Adaptive-Network-Based Fuzzy Inference System (ANFIS)
architecture is presented and has been used as a tool for System [dentification. System
ldentification consists of three related steps: 1:) Structure specification. 2:) Parameter
estimation. 3:) Model Validation. These steps are also discussed. We use a new
method to determine the structure of the ANFIS model (Fuzzy Curves). Fuzzy Curves
Help in determining the number of significant inputs from a number of candidates,
We determine the number of membership functions in each input by using the
subtractive clustering. Finally this method is tested on two cases.

1

1. Introduction:
oth fuzzy systems and ANN's are soft computing approaches for modeling
B Expert behavior. The goal is to mimic the actions of an expert who solves
complex problems. In other words, instead of investigating the problem in
detail. one observes how an expert successfully tackles the problem and obtains
knowledge by instruction and/or learning [10]. I an operator cannot tell linguistically
what kind of action he takes in a situation, then it is quite useful to model his control

actions using numerical data [9].

Estimating an unknown function from a set of input-output (I/Q) data pairs has been

and is still a key issue in a variety of scientific and engineering fields {2]. The coneceplt

of svstem modeling is closely related to interpolative input-output mapping, pattern
classification, case based reasoning, and leamning from examples [I]. In fact, the
problem of system modeling is only a part of a more general problem- the problem of

system identification [4].

The purposes of system identification are multiple:

* Teo predict a system’s behavior. as in time series prediction and weather
forecasting.

*» To explain the interactions and relationships between inputs and outputs of a
svstem. For example. a mathematical model can be used to examine whether the
demand indeed varies proportionally 1o the supply in an economic system.

* To design a controller based on the model of a system. as in aircraft and ship
control. Also te do computer simulation of the system under control, you need a
model of the system [3].

While the theory of traditional equation-based approaches is well developed and
successful in practice (particularly in linear cases) there has been a great deal of
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interest in applying model-free method such as neural and fuzzy techniques for
system identification. When comparing fuzzy systems and neural networks, the
former provides an attractive alternative to the “black boxes™ characteristic of neural
models, because their behavior can be easily explained by a human being [2].
However, there are some basic aspects of this approach that are in need of better
understanding [6]. More specifically:

No standard methods exist for transforming human knowledge or experience into

the rule base and database of a fuzzy inference system.
[ There is a need for effeclive methods for tuning the membership function (ME’s)
50 as to minimize the output error measure or maximize performance index.

As In [10], Neural networks do not provide a strong scheme for knowledge
representation, while fuzzy logic conirollers do not possess capabilities for automated
learning. Neuro-Fuzzy computing [10], which is a judicious integration of the merits
of neural and fuzzy approaches, enables one to build more intelligent decision-making
system, This incorporates the generic advaniages of artificial neural networks like
massive parallelism, robustness, and learning in data-rich environments into the
system. The modeling of imprecise and qualitative knowledge as well as the
transmission of uncertainty is possible through the use of fuzzy logic. One of the most
famous Neuro-Fuzzy architecture is Adaptive Neuro-Fuzzy Inference System
(ANFIS). Loosely speaking ANFIS is a method for tuning an existing rule base with a
learning algorithm based on a collection of training data. This allows the rule base to
adapt [3].

System identification counsists ol three basic sub problems: 1) Structure specilication
:2) Parameter estimation: 3) Model validation. ’

We will discuss cach one of these steps later. We will use the method ol Fuzzy
Curves to determine the significant inputs, using clustering to determine the number
of membership function in each input, and then using ANFIS Architecture for
modeling the system. Then, I will apply this method for a number of examples to
check the validity of the algorithm.

This paper is organized into six sections. In the next section, the basics of
ANFIS are introduced. Section 3 explains the Identification algorithm. Application of
the algorithm to Examples is demonstrated in section 4. Section 5 presents the
analysis of results. Concluding remarks are discussed in section 6.

2. ANFIS ARCHITECTURE:

For simplicity, we assume that the fuzzy inference systems under
consideration has two inputs x and y and one output z. suppose that the rule base
contains two fuzzy if-then rules of Takagi and Sugeno’s type.

Rule 1:if x is Al and y is B1, then fl=plx +qly + rl
Rule 2: ifx is A2 and y is B2, then 2= p2x + q2y + 12

The corresponding equivalent ANFIS is shown in Fig. (1) The node functions in the
same layer are of the same function family as described below:

Laver I:every node § in this layer is a square node with a node function

Oll = ﬂ“‘.l,('x)
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Where x is the input to node 7, and A, is the l:inguistic label (small, large, etc.)
associated with this node function. In other words, o' is the membership function of

A; and it specifies the degree to which the given x satisfies the quantifier A;. Usually
we choose 4, (x) to be bell-shaped with maximum equal to [ and minimum equal to

0, such as
M, (x)= ! Mohzptegy
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Where {ai, bi. ¢} is the parameter sel, Lyer!  Lape? inerd  Leyerd LayerS

As the values of these paramclers
change, the bell-shaped functions vary
accordingly, thus exhibiting various
forms of membership functions on
linguistic label A, In fact, any
continuous and piecewise differential
functions, such as commonly used
trapezoidal  or  triangular-shaped (b)

membership  functions. are also

qualified candidates for node functions

in this layer. Paramelers in this layer  Fig.(1). (a) First-order Sugeno fuzzy
are referred to as premise parameters. model; (b) corresponding ANFIS

Layer 2: Every node in this layer is labeled [] which multiplies the incoming signals
and sends the product out. For instance,

w,o= g, (x)xp a, (»)
Each node output represents the firing strength of a rule. (In fact other T-norm
operators thal perform generalized AND can be used as the node function in this
layer.)

Laver 3: Every node in this layer is labeled N. the itk node calculates the ratio uf the
ith rule’s [iring strenglh to the sum of all rules’ firing strengihs:
W

W=t
W+,

For convenience, outputs of this layer will be called normalized [iring strengths.

Layer 4: Every node [ in this layer has a node function

ol =W, f, =W, (p,x+qy+r)
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Where 1, is the output of layer 3, and {p,,qg,,»}is the parameter set. Parameter in
this laver will be referred 1o as consequent parameters.

Laver 5: The single node in this layer labeled % that computes the overall outputs the
summation of all incoming signals, i.e.,

Z w, [
0; = Overall output =» v, f, = 'Z—
: w,
Thus we have constructed an adaptive network that is functionally equivalent to type-
3 fuzzy inference system [3.4,6,8].

3. Identification algorithm
System identification consists of three basic sub problems: 1:) Strueture
specification; 2) Parameter estimation; 3:) Model validation. This is shown in Fig.(2)

Linguistic

Information ! 1— !
Structure | Parameter r Model salisfied
Numerical L y : il *—-—’—-h-l
Information Specification Estimation . Validation !
& | L f
not satisfied ;‘

Fig.(2) Fuzzy System Identification Diagram

Structure specification involves finding the important input variables from all possible
input variables, specifying membership functions, partitioning the input space, and
determines the number of fuzzy rules comprising the underlying model.

Parameter estimation involves the determination of unknown parameters in
the model using some optimization method based on both linguistic information
obtained from human experts and numerical data ebtained from the actual system to
be modeled. Structure specification and parameter estimation are interwoven and
neither of them can be independently identified withou! resort to the other.

Mode! validuation involves testing the model based on some performance criteria (e.g.
accuracy). If the model cannot pass the test, we must modify the model structure and
re-estimate the model parameter. It may be necessary to repeat this process many
times before a satisfactory model is found [4,5].

We will diseuss each one of these through our algonthm.

3.1 Structurc Specification

To determine the structure of the model, we need to determine: 1) number of
input to the system 2) the structure of membership function {(MFs) 3:) number of
rules.

3.1.1 input selection
The selection of appropriate input variables is a major issue in constructing
any model (including ANFIS models). This is because there are usually many factors
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that can potentially aflect the output of the model. However, we only want (o include
the most relevant factors. Including irrelevant factors not only complicates the lask of
the model identification but also may lead to misleading interpretations of the model
{4]. Therefore, there are varieties of practical and economical reasons for reducing the
nwnber of input variables in the final medel {7]:

a Remove noise/irrelevant inputs.

2 Remove inputs that depend on other inputs.

a0 Make the underlying model more coneise and transparent.

2 Reduce the time for model construction.

On the other hand. we do not wish to exclude any important relevant factor. Deing so
will obviously limit the accuracy of the model being constructed. The decision as to
which of these input variables should be included in the final model is not an easy
one. There are several methods for selecting input variables {Forward Selection
Procedure, Backward Elimination Procedure. Best Subset Procedure, etc...) discussed
in [4]. We will use here the algorithm of Best Subset Procedure and (nstead of
computing Mean Square Error (MSE) we draw Fuzzy Curves. For instance, if we
have a modeling problem with 10 candidate input vanables and we want to find the
most important 3 variables as the inputs of the model, we need to construct
¢i’ = 120 models (each with different combination of 3 input variables) and draw all

fuzzy curves of 120 models.

Consider a multiple-input, single-output system for which we have input-
output data with possible extraneous inpuls. We wish to determine the significant
inputs; we call the input candidates x, (i =12....,#x), and the output variable y.

Assume that we have m training data points available and that x, (k =1,2....,:m) are
the ithcoordinate of each of the m training points. The [/O data is shown in Table (1)

Nl % x5 xy oS No.| x x, x, 7
1]149 20 093 3.8 111069 23 193 33
2(166 17 058 3.7 121074 1.9 094 28
3(213 21 09.1 3.0 131113 2.0 084 3.0
41243 29 07.0 47 14176 2.0 082 27
51266 1.7 048 4.1 151195 24 065 33
6[232 153 047 3.1 16121.6 2.5 05.1 49
71222 25 045 3.1 17{265 1.9 063 438
81181 25 059 25 181264 22 081 4.4
91137 28 079 33 19231 38 049 22

101077 26 093 23 201211 25 051 1.8
Table (1)
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Table (1) shows an example with n=3 and m =20. for each input variable x , we *

plot the m data points in x, ~ p space. Fig. (3} illustrates the data points from Table
{1} in the x, — y,x, — y,x, —  spaces. For every point {x,,»,) in x, — v space,
we draw a fuzzy membership funetion for the input variable v, defined by:
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Fig.(4) Fuzzy Curves c,,c,, and ¢,

Each pair of ¢, and the corresponding y, provide a fuzzy rule for y with respect to
x,. The rule is represented as “ if x, is ¢@,(x ) thenyis y,.” ¢, is the input
variable fuzzy membership function for x, corresponding to the data point k. ¢, can
be any fuzzy membership function, including triangle, trapezoidal, Gaussian, and
others. Here we use Gaussian. We typically take b as about 20% of the length of the
input interval of x,. For m training data points, we have m fuzzy rules for each input
variable.

Fig.(4) shows the fuzzy membership functions for the poiats in Fig.(3). We use
centroid defuzzification to produce a fuzzy curve ¢, for each input variable x, by

Z :—1.-| ¢|£ (x. )-_V‘.
Z ’:zl 96’1‘ ('tl)

If the fuzzy curve [12] for given input is Tal “range hetween Maximum and minimum
is smell”, then this inpul has littde inlfuence on the output duta and it is not &
significant input. The fuzzy curve tells us that the output is changing when x, is

c (x,)=

changing. We rank the importance of the input variables x, according to the range
covered by their fuzzy curves ¢, . The ranges of fuzzy curves in Fig.(4) are 1.1535 for
. 1.2291 for ¢,, and 0.7023 for ¢,. Hence, we deduce that x, is most significant
input, x,, is the second, and x, is third. We will demonstrate these ideas with an
example in section 3.



Mansoura Engineering Joumnal, (MEI), Vol. 27, No. [, March 2002. E. 51

3.1.2 Determining the number of Membership functions

Clustering of numerical data forms the basis of many classification and system
modeling algorithms. The purpose of clustering is to identify natural groupings of
data from a large data set lo produce a concise representation of a system’s behavior
[11].
Clustering partitions a data set into several groups such that the similarity within a
group is larger than that among groups [5]. Achieving such a partitioning requires a
similarity metrics that takes two input vectors and returns a value reflecting their
sinilarity. Since most similarity metrics are sensitive to the ranges of elements in the
input vectors, each of the input variables must be normalized to within, say, the unit
interval 0,1.
There are many techniques [4.5,11] that are used for clustering (Ex. Fuzzy C-Means),
we will use here the Subtractive Clustering
Consider a collection of ndata points {x,,...,x”} in an M-dimensional space. Since

each data point is a candidate for cluster centers, a density measure at data point x, is
defined as

2

D, =iexp(————1x‘r— | )

I (74
2

Where r, is a positive constant. Hence, a data point will have a high-density value if it

3

has many neighboring data points. The radius r, defines a neighborhood; data points
outside this radius contribute only slightly to the density measure.

After the density measure of each data point has been calculated, the data point with
the highest density measure is selected as the first cluster center, Let x_ be the point
selected and D, its density measure. Next, the density measure for each data point x,
is revised by the formula

7

||xf Y
(4’

Where r, is a positive constant. Therefore, the data points near the {irst cluster center

D, =D, - D, exp( -

x, will have significantly reduced density measures, thereby making the peints
unlikely to be selected as the next cluster center. The constant r, defines a
neighborhiood that has measurable reductions in density measure. The constant #,is
normally targer than +, to prevent closely spaced cluster centers; generally r,is equal
1o 1.51,[5]. After the density measure for each data point is revised, the next cluster
cenler x,, is selected and all of the density measures for data points are revised again.

This process is repeated until a suffieient number of cluster centers are generated.

When applying subtraclive clustering to a sel of input-output data. each of the
cluster centers represents a prototype that exhibits certain characteristics of the systemn
to be modeled. These cluster centers would be reasonably used as the centers for the
fuzzy rules’ premise in a zero-order Sugeno fuzzy model [5].
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3.1.3 Determining the number of rules

When deciding the number of fuzzy rules for a fuzzy model. there are two
contradictory concerns. On one hand, it is desirable that the model includes as many
rules as possible so that it minimizes errors from training data with sufficient
“patches™. On the other hand, it is also desired that the model include as few rules as
possible because the generalization capability (Overfitting) of the model decreases as
the number of fuzzy rules increases [4]. By generalization capability, we are referring
to the mode!’s abilily in approximating testing data, which are not used in training the
model. With ANFIS the number of rules is dependent on the number of MFs in each
variable. For example if we have two inputs of 3 and 4 MFs then the number of the
rules is 12 rules.

3.2 Parameter Estimation

By parameter estimation we mean the determination of the shapes, the
parameters of MFs that best fit the system to be modeled. This will be satisfied by
using the ANFIS learning algorithm,
3.3 Model Validation

Testing whether a given model is appropriate is known as model validation. A
suggestive way of comparing two different models is 1o evaluate their performance
when applied to a data set (testing) 1o which neither of them was trained. We would
then favor that model that shows the better perlormance
4. Application Example

We will use a nonlinear system with two inputs, xand x,, and a single
output, y defined by

y={2+x " -15sin(3x,))" , 0dr 5, £1

We randomly take 100 points from 0 < x,x, £3 and obtain 100 input-output data.
To illustrate input variable identification, we add random variables, x, and x,, in the

range 0, 3 as dummy inputs [12].
Fig{5) shows the x, - y,x, — y,x, = y ,X, — ¥ spaces.

a0 x3
- Fig.(5)
To identify the significant input variables, we draw the four fuzzy curves ¢.c,,c,
and ¢, for the four input candidates x,,x,.x;. and x,. The four fuzzy curves are

shown in Fig.(6)
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1l Fig.(6)
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From Fig.(6) we find that the ranges of ¢, , for ¢, to ¢, are 31.9924, 15.7023, 2.9509,
and 8.2536 respectively. From this, we easily and correctly identify x, and x, as the

significant input variables for this system.
Making subtractive clustering of the inputs; Fig.(7) shows that the first input need 3
MFs, and the second input need 4 MFs and so 12 rules are required.
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Till this point we succeed to determine the structure of the ANFIS; 3 MFs for x, and
4MFs for x,, 12 rules are required. Then we move to the point of parameter
estimation. We will train this ANFIS with hybrid learning. Fig.(8) shows the ANFIS
structure of the system.
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Fig.(9)
And this Fig.(9) shows the learning error after 200 epochs.

5. Analysis of the results
Identification of complex system1 by this method is alinost simpler than
previously proposed model, they usually yield better performance, and they train verv

rapidly.
Testing data: . FIS gutput : *

m-
3
BOf ' )
Fig.(10 3 ’ ot
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ig.(10} Bl . . .
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Averaga testing ertar: 047058
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We also note our models are easy to praduce. And this can be assured by

computing the testing ervor of the model; this is shown in Fig.(10) . The testing error

is 0.047058
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