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ABSTRACT

Extracting fuzzy rules from data allows relationships in the data to be modeled by "if-then" rules that are easy to
understand, verify, and extend. This paper presents methods for extracting fuzzy rules for both function
approximation and pattern classification. The rule extraction methods are based on estimating clusters in the
data; each cluster obtained corresponds to a fuzzy rule that relates a region in the input space to an output region
(or, in the case of pattern classification, to an output class). After the number of rules and initial rule parameters
are obtained by cluster estimation, the rule parameters are optimized by gradient descent. Applications to a
function approximation problem and to a pattern classification problem are also illustrated.

1. Introduction

One of the hallmarks of fuzzy logic is that it allows nonlinear input/output relationships to be expressed by a set of
qualitative “if-then” rules. Nonlinear control/decision surfaces, process models, and pattern classifiers may al be
expressed in the form of fuzzy rules. Most fuzzy systems are hand-crafted by a human expert to capture some desired
input/output relationships that the expert has in mind. However, often an expert cannot express his or her knowledge
explicitly; and, for many applications, an expert may not even exist. Hence, thereis considerable interest in being able
to automatically extract fuzzy rules from experimental input/output data. The key motivation for capturing data
behavior in the form of fuzzy rulesinstead of, say, polynomials and neural networks, isthat the fuzzy rules are easy to
understand, verify, and extend. A system designer can check the automatically extracted rules against intuition, check
the rulesfor completeness, and easily fine-tune or extend the system by editing the rulebase.

This paper presents methods for extracting fuzzy rules from input/output data for both function approximation and
pattern classification applications. For function approximation, where the output data correspond to a continuous-
valued variable, the extracted rules express continuous-valued relationships (e.g., “if input is small then output is
big”). For pattern classification, where the output data correspond to class assignments, the extracted rules have
discrete-valued consequents (e.g., “if input is small then output is class 17). In both cases, fuzzy rules provide a
powerful framework for capturing and, perhaps more importantly, explaining the input/output data behavior.

The problem of extracting fuzzy rules from data for function approximation has been studied for some time [1].
Several methods for extracting fuzzy rules for function approximation have used clustering to determine the number
of rulesand initial rule parameters[2,3,4,5]. Each cluster essentially identifies aregion in the data space that contains
a sufficient mass of data to support the existence of a fuzzy input/output relationship. Because a rule is generated
only where there is a cluster of data, the resultant rules are scattered in the input space rather than placed according to
grid-like partitions in the input space. This fundamental feature of clustering-based rule extraction methods helps
avoid combinatorial explosion of rules with increasing dimension of the input space. Also, because the clustering
step provides good initial rule parameter values, the subsequent rule parameter optimization process usualy
converges quickly and to agood solution.



Early works on fuzzy pattern classification were focused not so much on rule extraction but on extending classical,
crisp clustering algorithms by allowing an object to have partial membership in multiple clusters/classes [6,7,8,9].
Recently, with increasing awareness of the advantages of representing a classifier in the form of fuzzy rules, attention
has turned to rule extraction. Extracting fuzzy rules for pattern classification can be viewed as the problem of
partitioning the input space into appropriate fuzzy cells that separate the classes. Methods for extracting fuzzy rules
for pattern classification often incorporate neural network concepts for adaptive learning. For example, an extension
of Kohonen's Self-Organizing Map method was used in [10] to learn the membership function centers; the
backpropagation technique was used in [11] to optimize membership functions that define grid-like input partitions as
well as optimize parameterized fuzzy operators. These methods typically require the user to prespecify the structure
of the rulebase (i.e., number of rules per class [10] or number of membership functions per input feature [11]) along
with initial values for the adjustable parameters. A method that can quickly determine the rulebase structure and good
initial membership functions in one pass was proposed in [12]. This method employs nested fuzzy cells, which
results in nested rules such as “if input isin region A and not in region A’, then output isclass 17, where region A’ is
an exception region nested inside region A; other rules would handle region A’, which may contain its own nested
exception regions. Rule extraction involves generating deeper nested rules for increasingly smaller subregions until
all errors are eiminated. The nested fuzzy cell method is fast and produces compact rules that do not grow with the
dimension of the data space; however, it is sensitive to noisy data.

Our work has been guided by the objective of developing a practical, easy-to-use software for extracting fuzzy rules
from data for real-world, high-dimensiona problems. Efficiency and robustness of the algorithm in dealing with
high-dimensional and noisy data are primary factors driving our approach. Simplicity of the method from a user’s
perspective is also important (i.e., minimize the number of parameters the user must specify and minimize the need
for triad-and-error). A clustering method called subtractive clustering [5] forms the basis of our approach.
Subtractive clustering is afast and robust method for estimating the number and location of cluster centers present in
a collection of data points. Initia fuzzy rules with rough estimates of membership functions are obtained from the
cluster centers; the membership functions and other rule parameters are then optimized with respect to some output
error criterion. This approach can be applied to extract rules for both function approximation and pattern
classification, with some small differences in the detailed methods for these two types of applications.

In the following sections, we describe the rule extraction methods in detail. We aso illustrate their use in a function
approximation example and in a pattern classification example.

2. Cluster Estimation

Clustering of numerical data forms the basis of many modeling and pattern classification algorithms. The purpose of
clustering is to find natural groupings of datain alarge data set, thus revealing patterns in the data that can provide a
concise representation of the data behavior. Clustering algorithms typically require the user to prespecify the number
of cluster centers and their initial locations; the locations of the cluster centers are then adapted in away such that the
cluster centers can better represent a set of archetypical data points covering the range of data behavior. The Fuzzy C-
Means algorithm [13] and Kohonen's Self-Organizing Map [14] method are well-known examples of such clustering
algorithms. For these algorithms, the quality of the solution, like that of most nonlinear optimization problems,
depends strongly on the choice of initia values (i.e., the number of cluster centers and their initial locations).

Yager and Filev [4] proposed a simple and effective algorithm, called the mountain method, for estimating the
number and initial location of cluster centers. Their method is based on gridding the data space and computing a
potential value for each grid point based on its distances to the actual data points; a grid point with many data points
nearby will have a high potential value. The grid point with the highest potential value is chosen as the first cluster
center. The key ideain their method is that once the first cluster center is chosen, the potentia of all grid points is
reduced according to their distance from the cluster center. Grid points near the first cluster center will have greatly
reduced potential. The next cluster center is then placed at the grid point with the highest remaining potentia value.
This procedure of acquiring new cluster center and reducing the potential of surrounding grid points repests until the
potential of all grid points falls below a threshold. Although this method is simple and effective, the computation
grows exponentially with the dimension of the problem. For example, a clustering problem with 4 variables and each
dimension having aresolution of 10 grid lineswould result in 10* grid points that must be evaluated.



Chiu [5] proposed an extension of Yager and Filev’'s mountain method, called subtractive clustering, in which each
data point, not a grid point, is considered as a potential cluster center. Using this method, the number of effective
“grid points’ to be evaluated is simply equal to the number of data points, independent of the dimension of the
problem. Another advantage of this method is that it eliminates the need to specify a grid resolution, in which trade-
offs between accuracy and computational complexity must be considered. The subtractive clustering method also
extends the mountain method’ s criterion for accepting and rejecting cluster centers.

The subtractive clustering method works as follows. Consider a collection of n data points {x1,x2,....xn} inan M
dimensional space. Without loss of generality, we assume that the data points have been normalized in each
dimension so that they are bounded by a unit hypercube. We consider each data point as a potential cluster center and
define a measure of the potential of data point xj as
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||| denotes the Euclidean distance, and r4 is a positive constant. Thus, the measure of the potential for adata point isa
function of its distances to all other data points. A data point with many neighboring data points will have a high
potential value. The constant r, is effectively the radius defining a neighborhood,; data points outside this radius have
little influence on the potential.

After the potential of every data point has been computed, we select the data point with the highest potential as the
first cluster center. Let X] bethe location of thefirst cluster center and P be its potential value. We then revise the
potential of each data point x; by the formula
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whereb = 4/rg

and ry, is a positive constant. Thus, we subtract an amount of potential from each data point as a function of its
distance from the first cluster center. The data points near the first cluster center will have greatly reduced potential,
and therefore will unlikely be selected as the next cluster center. The constant ry, is effectively the radius defining the
neighborhood which will have measurable reductions in potential. To avoid obtaining closely spaced cluster centers,
we set rp to be somewhat greater thanrg ; agood choiceisry =1.25rg .

When the potential of all data points has been revised according to Eqg. (3), we select the data point with the highest
remaining potential as the second cluster center. We then further reduce the potentia of each data point according to
their distance to the second cluster center. In general, after the k’th cluster center has been obtained, the potential of
each data point isrevised by the formula
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where X isthe location of the k'th cluster center and Py isits potential value.

The process of acquiring new cluster center and revising potentials repeats until the remaining potential of al data
points falls below some fraction of the potential of the first cluster center P’i . In addition to this criterion for ending
the clustering process are criteria for accepting and rejecting cluster centers that help avoid marginal cluster centers.
Thefollowing criteria are used:



if Pk >€ P}

Accept X asacluster center and continue.
dseif Py <€ P}

Reject i and end the clustering process.

else
Let dmjip = shortest of the distances between
x]i and all previously found cluster centers.

Accept X asacluster center and continue.
else
Reject i, and set the potential at X to 0.

Do not revise the potential of other data points.

Select the data point with the next highest
potential asthe new X, and re-test.

end if

end if

Here® specifies athreshold for the potential above which we will definitely accept the data point as a cluster center;
€ gspecifies athreshold below which we will definitely reject the data point. Good default valuesare € =0.5and €
=0.15. If the potentia falls in the gray region, we check if the data point offers a good trade-off between having a
sufficient potential and being sufficiently far from existing cluster centers.

3. Extracting Rulesfor Function Approximation

For function approximation applications, clustering is performed in the combined input/output space, i.e., each data
point xj is a vector that contains both input and output values. Each cluster center found is in essence a prototypical
data point that exemplifies a characteristic input/output behavior of the system.

Consider a set of m cluster centers {x] %5 ,...Xm, } found in an M dimensional space. Let the first N dimensions
corrapond to input variables and the Iast M- N dimensions correspond to output varlables We decompose each
vector X; into two component vectorsy, andZ, ,wherey; containsthefirst N elementsof X} (i.e., the coordinates
of the cluster center in input space) and zI containsthe last M-N elements (i.e., the coordinates of the cluster center in
output space).

We consider each cluster center x’f as afuzzy rule that describes the system behavior. Intuitively, each cluster center
representstherule:

Rulei: If {input isnear y} } then output is near 7} .

Given an input vector y, the degree of fulfillment of rulei isdefined as

m=eally-y If (@)



where a isthe constant defined by Eqg. (2). We compute the output vector zvia
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We can view this computational model in terms of a fuzzy inference system employing traditional fuzzy if-then rules.
Each rule has the following form:

if YIISA1& YoisA2& ...thenZ1isBj1 & Z2isBj2 ...

where Y] isthe j'th input variable and Zj is the j' th output variable; Aj is an exponential membership function in the
i'th rule associated with the j'th input and Bjj is a membership function in the i'th rule associated with the j'th output.
For thei'th rule, which is represented by cluster center x’f , Ajj isgiven by

Y
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and Bjj can be any symmeric membership function centered around Zj . whereyjj isthej'th element of yj , zj isthe
j’th element of z; , and 3,2 = 1/(2a). Our computational scheme Is equivaent to an inference method that uses
multiplication as the ANd operator, weights the consequent of each rule by the rule's degree of fulfillment, and
computes the final output value as aweighted average of al the consequents.

There are severa approaches to optimize the rules. One approach is to apply a gradient descent method to optimize
the parameters a’} Yij »and s; i in Egs. (5) and (6) to reduce the root-mean-square (RMS) output error with respect to
the training data. Gradient descent formulas to perform this optimization can be found in [15]. Thisis the approach
adopted by Y ager and Filev [4] to optimize theinitial rules obtained from the mountain method.

Another approach isto let the consequent parameter zﬂ be alinear function of the input variables, instead of asimple
constant. Thatis, welet

zlj :Gij vy + hij

where Gjj is an N-element vector of coefficients and hij is a scalar constant. The if-then rules then become the
Takagi-Sugeno type. As shown by Takagi and Sugeno fl], given a set of rules with fixed premise membership
functions, optimizing Gjj and hjj in all consequent equations is a simple linear |east-squares estimation problem.
Chiu [5] adopted this approach to optimize the rules abtained from the subtractive clustering method; optimizing only
the coefficients in the consequent equations allows a significant degree of model optimization to be performed
without adding much computational complexity.

A third approach also involves using the Takagi-Sugeno rule format, but it combines optimizing the premise
membership functions by gradient descent with optimizing the consequent equations by linear least squares
estimation. This isthe ANFIS (Adaptive Network-Based Fuzzy Inference System) methodology developed by Jang
[16]. When the ANFIS approach is used to optimize the same rules, the resultant model is generally more accurate
than that obtained from either of the two preceding approaches. Thisisthe preferred approach that we adopt here.

Although the number of clusters (or rules) is automatically determined by our method, we should note that the user
specified parameter rg (i.e., the radius of influence of a cluster center) strongly affects the number of clustersthat will
be generated. A largerg generally resultsin fewer clusters and hence a coarser model, while asmall rg can produce
excessive number of clusters and a model that does not generalize well (i.e., by over-fitting the training data).
Therefore, we may regard rg as an approximate specification of the desired resolution of the model, which can be
adjusted based on the resultant complexity and generalization ability of the model.



4. Extracting Rulesfor Pattern Classification

For pattern classification applications, we first separate the data into groups according to their respective classes;
subtractive clustering is then applied to the input space of each group of data individually to extract the rules for
identifying each class of data.

The clusters found in the data of a given group identify regions in the input space that map into the associated class.
Hence, we can trandate each cluster center into a fuzzy rule for identifying the class. For example, suppose
subtractive clustering was applied to the group of datafor class c1 and cluster center x’f was found, then this cluster
center providestherule:

Rulei: If {inputisnear X; } then classiscl.

Given an input vector x, the degree of fulfillment of rulei isdefined as

m=galx-x I ©
where a isthe constant defined by Eq. (2). We can also writethisrulein the more familiar form:
Rulei: If X1 isA1 & XoisAp &... thenclassis cl.

where X isthej’th input variable and Ajj is the membership function in the i'th rule associated with the j'th input. The
membership function Ajj isgiven by

k2
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where x,*- isthe j'th element of x’f ,and sﬁ =1/(2a). The degree of fulfillment of each rule is computed by using
multiplication as the AND operator, and, because the fuzzy system performs classification, we simply select the
consequent of the rule with the highest degree of fulfillment to be the output of the fuzzy system. It would be
erroneous to interpolate the output value from the different rule consequents because the class values usualy have no
numerical meaning, e.g., aclass 2 object is not necessarily “between” class 1 and class 3 in any sense.

After the initial rules have been obtained by subtractive clustering, we use gradient descent to tune the individual xﬁ
and s; j parameters in the membership functions (cf. Eq. 8) to minimize a classification error measure.

We define the following classification error measure for a data sample x that belongs to some class c:
E=1(1- X) + )2 9
5 ( M, max M.c max ) 9

where my max(X) is the highest degree of fulfillment among all rules that assign x to class ¢ and m.¢max(X) is the
highest degree of fulfillment among all rulesthat do not assign x to class c. Note that this error measure is zero only
if arule that would correctly classify the sample has a degree of fulfillment of 1 and all rules that would misclassify
the sample have a degree of fulfillment of 0. Gradient descent formulas to optimize the membership function
parameters with respect to this error measure can befound in[17]. An important feature of this optimization process
is that only the rules responsible for Ny max ad m.¢ max are updated, since all other rules do not affect the error
measure. This gradient descent algorithm can be viewed as a type of competitive learning algorithm: a winner in the
“good rule’ category is reinforced and a winner in the “bad rule”’ category is punished. Because only two rules are
updated each time, the agorithm ishighly efficient.

We have found that a classifier can achieve higher accuracy and the resultant classification rules are easier to
understand if the membership functions are alowed to be “two-sided” Gaussian functions. A two-sided Gaussian
function may have aflat plateau region and different standard deviations on the left and right sides (see Fig. 1). The



two-sided Gaussian function is better suited than the standard Gaussian function for capturing the relations in pattern
classification data.

For two-sided Gaussian functions, there are four adjustable parameters per membership function: the left and right
side peak positions (left and right xﬁ ), and the left and right side standard deviations (left and right sj; ). The
gradient descent equations derived for standard Gaussian functions are mathematically valid for two-sided Gaussian
functions when the input value X; is outside the plateau region, but are no longer valid when X; is inside the plateau
region because the error gradient there is zero. A method for handling this special situation is also presented in [17].
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Fig. 1. A“two-sided” Gaussian function.

5. Application Examples

To illustrate the rule extraction methods, we now apply them to a function approximation problem and to a pattern
classification problem.

5.1. Automabile Trip Prediction

We consider a function approximation problem in which we wish to predict the number of automobile trips generated
from an area based on the area's demographics. The data used for rule extraction consists of demographic and trip
data for 100 traffic analysis zones in New Castle County, Delaware. The origina data set provided in [18] contains
fiveinput variables: population, number of dwelling units, number of car ownerships, median household income, and
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Fig. 2. Training data for the automobile trip prediction problem; all numbers are expressed in
units of a thousand. The two cluster centers found are marked by X's.



total employment. However, to better graphically illustrate the rule extraction method, here we consider only two
input variables: car ownership and employment. A discussion on how to select the most important input variablesis
beyond the scope of this paper; the interested reader isreferred to [19].

Of the 100 data points, we randomly selected 75 points as training data for generating the rules and 25 points as
checking data for validating the rules. Using cluster radius rg = 0.5, two cluster centers were found in the training
data. Recall that the cluster radius is expressed relative to the normalized data space, hence rg = 0.5 corresponds to
half the width of the data space. The training data and the cluster centers are shown in Fig. 2, where the cluster
centers are marked by Xs. The two cluster centers were trandated into two rules of the Takagi-Sugeno type, with
initial premise membership functions obtained from the cluster center positions via Eq. (6). The ANFIS approach
was then applied to optimize the moddl; that is, the rules’ premise membership functions were optimized by gradient
descent while the consequent equations were optimized by linear least squares estimation. The optimization process
stops when the improvement in RM S error after a pass through the data becomes less than 0.1% of the previousRMS
error. The resultant rules are shown in Figure 3. A comparison of the actual output versus the output predicted by
the fuzzy model is shown in Figure 4. The fuzzy model has an RM S output error of 0.582 with respect to the training
data and an error of 0.586 with respect to the checking data, indicating the model generalizes well. The computation
time for generating this model was 2 seconds on a Macintosh computer with 68040 processor running at 25 MHz.

if car ownership is and employment is then num. trips is

num.trips =

Rule 1 0.95 car.ownership
+ 0.50 employment
+0.49

num.trips =

Rule 2 1.1 car.ownership
+ 1.8 employment
-0.17

Fig. 3. Rulesextracted for the trip prediction model.
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Fig. 4. Comparison of actual output values with the predicted output values for the trip
prediction model. The number of trips are expressed in units of a thousand.



5.2. IrisClassification

We now consider a classical benchmark problem in pattern classification — Fisher’s iris flower data [20]. The iris
data consists of a set of 150 data samples that maps 4 input feature values (sepal length, sepal width, petal length,
petal width) into one of 3 species of iris flower. There are 50 samples for each species. We used 120 samples as
training data (40 samples of each species) and 30 samples as checking data (10 samples of each species). To simplify
the illustration, here we consider only two input variables: petal width and petal length (using an analysis method
similar to that described in [19], we have determined the petal width and peta length to be the most important
variables).

The training data were normalized and then separated into 3 groups according to their species. Using a cluster radius
of 0.5, one cluster was found in each group of data, resulting in one rule for classifying each species. The rules
membership functions were allowed to be two-sided Gaussians and were optimized by gradient descent. The
optimization process stops when the improvement in the error measure after a pass through the data becomes less than
0.1% of the previous error measure (the error measure is defined as the average of the individual error measures
givenby Eq. 9). The resultant rules are shown in Figure 5. The fuzzy classifier misclassified 3 samples out of 120
samples in the training data and classified all samples correctly in the checking data. The computation time for
generating this classifier was 6 seconds on the Macintosh computer.

if  petal width is and petal length is then species is
Rule 1 (\ species = 1
[ 1 [ 1
1.0 25.0 0.0 69.0
Rule 2 /—\ species = 2
[ 1 [ 1
1.0 25.0 0.0 69.0
Rule 3 ﬂ species = 3
[ 1 [ 1
1.0 25.0 0.0 69.0

Fig. 5. Rulesextracted for theiris classifier.

Looking at the rules in Figure 5, the advantages of capturing data behavior in the form of fuzzy rules become clear.
We can see that flowersin species 1 generally have small petals (short petal width and short petal length); flowersin
species 2 generally have medium petals; and flowersin species 3 generally have large petals. Furthermore, we see that
the petal shapes generally follow the same proportion, i.e., there are no strange combinations such as a short petal
width with a long petal length. Our ability to easily interpret fuzzy rules makes fuzzy rule-based models and
classifiers easy to understand and debug.

6. Conclusion

We presented efficient methods for extracting fuzzy rules from data based on cluster estimation. Rules can be
generated to solve both function approximation and pattern classification problems. These methods have been
successfully applied to extract fuzzy rules for a variety of applications, including the modeling of human operators,



software quality prediction, selecting the best robot arm posture for performing a task [21], numeric character
recognition [17], blood cell classification, underwater mine detection, and power generator leakage detection. Where
comparison with neural network is available, the performance of the fuzzy rule-based model or classifier has been
comparable to those based on neural network [5,17]. However, our rule extraction method is generally more efficient
and easier to use than neural network, typically producing good results without any trial and error. In addition, fuzzy
rule-based models and classifiers are easy to understand, verify, and extend.
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