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Abstract. Our new fuzzy classifier network can be trained with a set of labeled feature vectors without
adjusting any weights. Further, it checks for consistency of the labels for the various feature vectors. It is

a trade-off between two extreme cases. First, if a circular Gaussian is centered on each labeled feature
vector, then a large number of Gaussians may be required but the accuracy is high in the absence of outliers.
At the other extreme is the use of a single radial Gaussian for each class that is centered on the average
vector of the class. This is very efficient, but the class may have a noncircular shape and outliers can bias
the location, both of which affect the accuracy. We extend Epanechnikov functions to be multivariate
ellipsoidal fuzzy set membership functions. To develop methods that are efficient and yet accurate, we center
an ellipsoidal Gaussian or Epanechnikov on the weighted fuzzy average vector of each class. These fuzzy
centers areimmune to outliers. The ellipsoidal shapes are rotated, dilated and contracted along the principal
axes by the inverse covariance matrices for the respective classes. The inverses of these symmetric matrices
are computed efficiently, which completes the training. A test vector to be classified is put through all
ellipsoidal fuzzy set membership functions for the respective classes and the maximum value (fuzzy truth)
determines the winner. Tests are done on the iris and other data sets.
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1. Introduction

Classification methods include linear discriminant and statistical methods (see [10]), multiple layered
perceptrons (see [19]), crisp clustering (see [10]), radial basis function neural networks (see [4, 7, 17, 21]),
probabilistic neural networks (see [2, 8, 25, 26, 28]), crisp and fuzzy rule-based systems [13, 15, 29], crisp
and fuzzy competitive learning algorithms [9], syntactic methods (e.g., see [19]), nearest neighbor and k-nearest
neighbors (see [10]), and genetic algorithms [11, 12, 24], among others [6, 14].

Much recentresearch has beenin the areas of radial basis function neural networks (RBFNNs) [17] and
fuzzy classifiers [1, 20, 27, 29]. The RBFNNs are in fact fuzzy classifiers when the RBFs are considered as
fuzzy set membership functions with the output weighted sums of fuzzy truths being a form of defuzzification.
The Gaussians here adial Gaussians in that they have the same functional value for all vectors that are
the same distance r from the Gaussian centexdil basis functioh Ellipsoidal functions are discussed in
[17] for neural networks and used in [1] for fuzzy classification.

We show that probabilistic neural networks (PNNs) are also fuzzy classifiers when the mixed Gaussian
probability density functions are considered to be fuzzy set membership functions. Thus fuzzy classifiers are
arather general paradigm. Itis natural to attempt to combine various models into a general fuzzy classifier to
find general properties, and to seek to extract a simple model thatis efficient and effective. Suchis the purpose
here.

Section 2 describes the concept of a generalized fuzzy classifier with basic properties while leaving
specific output functions to take various forms within the general setting. PNNs are shown here to be fuzzy
classifiers when we reformulate them as fuzzy neural networks. This section also describes the extreme cases
of: i) using every training (labeled) feature vector as the center of a radial Gaussian; or ii) using a single radial
Gaussian centered on the average vector of each class. Section 3 presents a simple and efficient network model
thatemploys for each class an ellipsoidal Gaussian with an inverse covariance matrix. Itis centered on a robust
fuzzy average vector for that class. It also extends Epanechnikov functions to ellipsoids that uses the inverse
covariance matrix. Our approach uses special fuzzy centers that are immune to outliers and the extended
Epanechnikovs that are more efficient to compute than Gaussians.

Section 4 lists the results of computer runs on synthetic data designed to test the methodology, on the
difficult iris data and on a subset of the noisy Wisconsin breast cancer data. It makes some comparisons and
shows graphs toillustrate our simple new ellipsoidal fuzzy classifier networks. The fifth section makes some
analysis and conclusions about the new fuzzy classifiers.



2. Generalized Fuzzy Classifier Networks

2.1 The General Architecture A generalized fuzzy classifier netwd@~CN) is a network paradigmwhose
architecture has N input nodes at thput layerfor inputting an N-dimensional feature vector (X,,...,%).

The GFCN has no hidden layer. There arddcisionnodes in theutput layerthat represent the K classes.

Each input node connects to all K decision nodes, so that each k-th decision node receives an entire feature
vector and processes it to make a decision as to the certainty of its membership in the k-th class. The output
of the k-th decision node is the fuzzy truth of the input vector's membership in the k-th class. The decision
making process in each decision node is not defined in a general sense because it may take various forms.

Figure 1 displays the simple GFCN architecture that has two layers and processes N-dimensional feature
vectors into K classes. The set of training feature vectors is used by all decision processes. In the simplest
cases, when atestvectorisinput, the process computes the number of nearest neighbors in each class and there
is a (possibly weighted) vote for its class of membership. Another case uses a fuzzy set membership function
for the k-th class at the k-th output node so that the maximum fuzzy truth is the winner.

[Figure 1 goes here]
Figure 1. A generalized fuzzy classifier network.

2.2 Probabilistic and Fuzzy Neural Network ClassifiersWe can reformulate the PNN [25, 26] (see [2] for
aninteresting application) into our relafieidzy neural networENN) model. For illustrative purposes we take

K =2 classes so that there are two decision making nodes. Given the set of labeled training featuredféctors {

g =1,...,Q} of dimension N we partition the feature vectors into two sets for the respective two classes as
designated by the labels. We build a probability density function (pdf) for the first class by centering a radial
Gaussian on each training vector in that class. Each has the same standard deviation

Figure 2 displays the PNN for K = 2 classes. The Gaussian centered on each training featusé®ector
in the first group is represented by a node in the hidden layer. The outputs of all of these Gaussians go to the
decision node for Class 1 in the output layer, where they are summed by the decision process and scaled to
form amixed GaussiafR6, 28] pdf.
[Figure 2 goes here]

Figure 2. The PNN and FNN architecture.

The pdf for the second class is defined similarly. The sums for the two class outputs are

f, = [1/((2€)"20)]K ey pEXPL-( - X)'(x - X)/(207)] (1a)
f, = [1/((2K)"20™)]K \z g €XP[-( - X)X - x)/(207)] (1b)
exp[-(x - x)'(x - x“)/(20%)] = exp[-|k - x||/(20?)] )

The P vectors inX“} in Egn. (1a) are training vectors in Class 1 and the Q vectors®}{n Eqn. (1b)
are Class 2. All vectors are N-dimensional. Whitecould be the center of a subclass of Class 1, it could also



be the single center of that entire class. The PNN is completely trained upon defining these functions. When
any testvectax is putinto the input nodes for classification, it feeds into each Gaussian represented by a node
at the hidden layer. For the general case of K classes there is a group of hidden nodes for each class and the
outputlines from each group feed only to the decision node for the particular class where they are summed into
its output value f. There are K pdf values put out from the K decision nodes and each ouipatfalue of

the mixed Gaussian®érzen window The highest value determines the classification. Figure 3 shows the
(summed) mixed Gaussians for a class of 2-dimensional feature vectors.

Our FNNis also modeled by Figure 2, but it does not scale the mixed Gaussians because their output
values are fuzzy truths. The summed outputs could exceed unity, however, which would violate the axioms of
fuzzy logic. Therefore we standardized the outputs by dividing them by the sum of all outputs.

[Figure 3 goes here]
Figure 3. A mixed Gaussian function for 2-D vectors.

Rule-based fuzzy classifiers use the N feature values of an input featurexekgy...,x,) coming into
the k-th decision node to activate fuzzy set membership functions that make up rule antecedents. Each feature
X,is putthrough afuzzy set membership function (FSMF) for an attribyteffthe feature to belong to Class
k. The fuzzy rules take the following form.

IF (X, is F; ) AND ... AND (Xy is Fy,)) THEN (x is CLASS_K)

The minimum fuzzy truth of all conjuncted antecedents (to the left of “THEN") in a rule is transferred
to the consequent part on the right-hand side. If more than one rule has the same congéfGeAES k),
thenthe fuzzy truth of the consequentis the maximum of the fuzzy truths imparted toit by rules. If rules impart
fuzzy truths to more than one consequent (to more than one class), the consequent with the maximum fuzzy
truth designates the class.

Rule-based systems make decisions based on Cartesian products of the FSMFs for the features, as shown
in Figure 4 for two features. This can be avoided with extra rules, but the number of rules may become quite
large, which introduces the possibility of inconsistency among them. Radial basis functions restrict rules to
circular disk regions of the feature space and so RBFNNSs are equivalent to certain fuzzy rule-based systems.
RBFNNSs can also use ellipsoidal basis functions (see [17]).

[Figure 4 goes here]

Figure 4. Cartesian products of fuzzy set membership functions.

2.3 How Many GaussiansZiven a set of feature vectors, a clustering process can be used to yield a set of
classes from which to label the vectors. These can first be labeled with target outputs to designate the classes
and then used to design a fuzzy classifier. For each class we build a fuzzy set membership function in some
way to represent that class. The two extreme cases for building such functions are: i) use every feature vector
in a class as a center of a Gaussian and sum the Gaussians; ii) use a single prototype (the average in some
sense) of each class on which to center a Gaussian.



The first case can be very accurate if the noise level is low and there are no outliers, but even so, it may
require hundreds of Gaussians to be evaluated and summed for classification of a single input feature vector.
Itcanalso be adversely affected by outliers that become the centers of Gaussians and then incorrectly classify.
The other extreme case is very fast but can not yield the high accuracy of the first extreme case, although it
is less affected by noise by virtue of the smoothing in the averaging. But it suffers from inaccuracy when the
class does not have a circular shape or when outliers are present.

Table 1 shows some concepts between the two extre@@scept Juses mixed Gaussians but is not
always the most accurate [28] when the number of Gaussians becomes large. We expect that more training
vectors leads to more outliers and hence more incorrectly placed radial GauSsiacept 6s the fastest but
itis the least accurate. In the next section we dev€lopcept 5dhat is similar tocConcept 5n Table 1, but
which is immune to outliers and thus more accurate while retaining the advantage of speed. We then employ
Epanechnikov functions, which are bell shaped functions that are much faster to compute than Gaussians. We
extend these to ellipsoidal FSMFs to cover noncircular classes and cdllachcept 5b

Table 1. The Extreme and Intermediate Concepts for Classification.

Concept Speed Accuracy

1. Aradial Gaussian centered on every training Slowest High in absence of
vector outliers

2. A radial Gaussian centered on training vectors Fast High in absence of
that are not close together (prune some of outliers
the feature vectors that are too close to any
others)

3. Aradial Gaussian centered on the center of Fast High in absence of
each of a number of subclasses where the outliers
subclasses are associated with their class

4. Ellipsoidal Gaussians centered on multiple Fast Very high in absence
feature vectors in each class as in 2 or 3 above of outliers
(compute covariance matrices from the sample)

5. A single ellipsoidal Gaussian centered on each Very Fast High without outliers
class with sample inverse covariance matrix

6. A single radial Gaussian centered on each class Fastest Lowest

with sample variance

Figure 5 shows two classes of noncircular shapes formed by putting a radial Gaussian on each training
feature vector. The values shown vary according to half the distance to the nearest other feature vector for
sufficient overlapping. The Gaussians can be summed as pdf's or used as fuzzy set membership functions for
the classes. Figure 6 shows three classes where each can be contained under a single ellipsoidal Gaussian
(Concept 5 of Table 1). Concept 4 uses multiple ellipsoids for each class, which can be done by means of
centers of subclasses, but each ellipsoid requires an inverse covariance matrix.

[Figure 5 goes here]

Figure 5. Two classes formed by multiple radial Gaussians.



[Figure 6 goes here]

Figure 6. Three classes containable under ellipsoidal Gaussians.

3. The New Ellipsoidal Fuzzy Classifier Network

3.1 The Modified Weighted Fuzzy Expected ValueOur first major improvement is cioncept Swith the

result beingConcept 5alt uses a single ellipsoidal Gaussian for each class, but is made immune to outliers
via a special fuzzy center that is not the average nor the median. We first planned to empltyramed

mean [5] which would help, but then we found a type of center that is a more typical value in that it is located
among the more densely situated training feature vectors. Thus we seletdified weighted fuzzy expected
value(MWFEV) [18] that is an improved version of the original weighted fuzzy expected value [23]. Our
Gaussian is a canonical fuzzy set membership function whereas the original two-sided decaying exponential
is not.

Figure 7 compares the average, the median and the MWFEV on a simple data set in two dimensions.
There are 5 vectors designated by solid dots, of which one is an outlier (the bottom right). The location of the
MWHFEV is inside the more densely situated vectors, while the mean and median are not.

[Figure 7 goes here]
Figure 7. The MWFEV versus the mean and median.

To obtain the MWFEYV of a set of vectors, we must find the MWFEV componentwise of the vectors.
Thus it suffices to show the algorithm for a set of real values. {0} that are a single component of the
training vectors. We assume a Gaussian fuzzy set membership function that is centered on the hypothetical,
but unknown, MWFE\K. This FSMF represents the linguistic variableLOSE_TO_CENTERhat gives
afuzzy truth (weight) to each value in the setthatis close to the fuzzy center. Starting from the arithmetic mean
as an initial approximation, we use Picard iterations that converge rapidly (4 or 5 iterations are usually
sufficient).

Step 1. Compute arithmetic me&f of x,,...,% as initial approximation, compute, putr = 0
Step 2. Compute preliminary and standardized weights on each r-th iteration
W, = exp[-(x, - k)?/(20%)], p=1,....P (3)
Wy = Wy [(W; + ...+ W), p=1,.,P (4)
Step 3. Compute the (r+1)-st MWFEV approximation
KO =K (oo WeXo (5)

Step 4. If stop_criterion is true then stop, else increment r and go to Step 2




3.2 Concept5a: Single Ellipsoidal Gaussians with Noise ImmunityGiven a set of Q labeled training feature
vectors k@: q =1,...,Q}, wherex@ = (x,9,...,x,¥), we set up a trained fuzzy classifier network and then use
it to recognize any test feature veckoi he ellipsoidal multivariate Gaussian FSMF centered®takes the
form

fic = exp[-(1/2)& - x¥)'CH(x - x“)] (6)

wherex® is the center of Class k (refer to Equation 1). We drop the scaling K){@C[?)] that makes it a
pdf so it becomes an FSMF. The following steps give a high level description of the algorithm.

Step 1. Use the labels to separate the training vectors into K sets (one for each class)
Step 2. Compute the MWFEV for each of the K sets

Step 3. Compute the sample NxN covariance matrix C for each of the K sets and compute the
inverse matrices €

Step 4. Define an ellipsoidal Gaussian fuzzy set membership function centered on the MWFEV
of each set [this completes the training]

Step 5. For any input vector, putx through each ellipsoidal Gaussian, standardize the outputs
and then determine the class humber for the maximum value

Figure 8 presents ellipsoidal Gaussians for two classes of 2-dimensional feature vectors. The elliptical
axes are rotated to the principal components for the functions and these have different principal components.

[Figure 8 goes here]
Figure 8. Ellipsoidal Gaussians for 2-D classes
3.3 Concept 5b: Single Ellipsoidal Epanechnikov FunctionsGaussians approach zero away from their
centers, but never become zero. Bpanechnikofunction is zero outside of a closed ball and yet has a bell
shape on the ball (but without the flare-out at the bottom). These are defined as functions on the reals [22].
E(r) = max {1 -7, 0} (7a)

Atr =0, E(r) takes its maximum value of 1, but as r goes to 1, the function value goes to 0 and remains
Oforallrsuchthat|r]> 1. To use thesecular Epanechnikov functions on normed vector spaces, we modify
them to be

E(x) = max {1 - (1/2)|x - ¢|?, 0} (7b)

wherec is the center of the unit ball. Because we need balls of arbitrary sizes, we use the function

E(X) = max {1 - [1/(2?)]]x - c|?, 0} (7¢)



To suit our needs here we extend the Epanechnikov functions to be nonzero on ellipsoidal balls rather
than only on circular balls. We do this as is shown in the next equation by usindamalanobigdistance
(see [19]) in place of the Euclidean distance.

E(X) = max {1 - (1/2)k - c)’C*(x - ¢), 0} (8a)

Here Cis the covariance matrix whose inverse rotates the ellipse to the axes of its principal components. These
functions are computed much more quickly than are Gaussians because the expohesdjaires an
approximation by a cubic polynomial divided by a cubic polynomial for 0 < x < 0.5 and multiplication of the
parts. For example

exp[-3.62] = 1/ { (e)(e)(e)(exp[0.5])(exp[0.12)

where e is a stored value, exp[0.5] is the stored square root of e and the rightmost part is approximated by the
cubic-cubicrational function. With hundreds or possibly thousands Gaussians being computed, this slows the
process.

Figure 9 displays twextended ellipsoidal Epanechnikomctions rotated on the major and minor axes.
Their centerg!® andc® are the MWFEVs of the classes that make these FSMFs immune to outliers. Thus we
should gain accuracy as well as speed over previous circular functions. Figure 10 defspenialiextended
ellipsoidal Epanechnikovsn the same data where the argument contains a squared part as shown below.

E(X) = max {1 - (1/2)[ - ¢)')C*(x - ¢)] 0} (8b)
[Figure 9 goes here]
Figure 9. Extended Epanechnikov functions on the plane
[Figure 10 goes here]
Figure 10. Special extended Epanechnikovs on the plane.

During the computer runs we discovered that the Epanechnikovs requosadance facton? that
multiplies the covariance matrix to increase the magnitudes, or equivalertfymudtiplies the inverse
covariance matrix. This is because of the steep drop off of these functions and also because the covariance
values are averages so that some vectors will be located outside of the ellipsoidal boundary and thus will
evaluate to zero with an Epanechnikov but not with a Gaussian. The fagfor<11.0 compensates for this
by enlargening the ellipsoidal ball. Equations (8a,b) then become

E(X) = max {1 - [1/(2d][(x - c)'C*(x - ¢)], 0} (8c)

E(X) = max {1 - [1/(2)][(x - c)'C*(x - ¢)]?, 0} (8d)



4. Classification Runs and Results

4.1 Training. We use all of the feature vectors in a class to determine the class prototype and covariance
matrix and then use the same feature vectors to test. It is not the individual vectors that are so important here
but their aggregate properties (rotation of axes, widths along each axis, shape, etc.). If we are using extended
Epanechnikovs then we must test with the feature vectors and adjust the covariance factor until all classes are
learned properly. After training, tests must be made to insure that all good feature vectors can be classified
correctly, although far outliers or mislabeled vectors will not be. This acts as a consistency check on the
training feature vectors.

4.2 The Iris Data Set This famous test data set contains 150 feature vectors that are 4-dimensional to
represent the 4 features petal width, petal length, sepal width and sepal length. These vectors were labeled by
Anderson [3] into 3 classes, or specigstosaVersicolorandVirginicus) of 50 each, but they are known

to be noisy and nonseparable [16]. To demonstrate this, Figure 11 shows the MWFEYV of each feature for each
class. The actual feature values in the data set force us to conclude that a very small number of the vectors
were misclassified by Anderson, which is the usual case when humans estimate memberships of classes instead
of using arigorous clustering algorithm. If we were training a neural network by adjusting weights to minimize

the output mean-square error, then the incorrectly labeled vectors would be learned by the network and it would
therefore be faulty.

The analysis of Figure 11 shows that features 3 and 4 are the best separators, while feature 2 does not
separate sufficiently strongly to overcome a moderate signal-to-noise ratio for the observations. The iris data
set is appended to this paper (it also contains 2-dimensional labels for the classes that are robust in that the
Hamming distance between the differentlabelsis 2 for each pair of labels). These labels are for training neural
networks.

[Figure 11 goes here]
Figure 11. The MWFEYV centers of the four iris features

4.3 Results on the Iris DataWe use all 150 feature vectors to train via Concept 5a (Gaussian ellipsoids on
MWFEYV centers) and also via Concept 5b (extended Epanechnikovs with MWFEV centers). The algorithm
for Concept5bis similar to that for Concept 5a and so is not repeated here, but considerable compensation was
needed due to the sharp drop off of Epanechnikovs near the boundary of the ellipsoidal supporting ball. Using
the sample covariance, the bell cut off the outlying points in each class, so we adjusted the inverse covariance
matrix by multiplying it by a scalar less than 1.0.

Table 2 shows the results of running the algorithms on the individual iris feature vectors after defining
the functions on their aggregate shape properties. The vectors are numbered from 1to 150. The ones that were
misclassified (found to be inconsistent) were examined to see how well they fit the MWFEV centers of their
classes. Asshownin Table 2, feature vectors numbered 62, 68 and 101 should be labeled as Class 3 rather than
Class 2.

The bottom part of Table 2 shows the results for extended Epanechnikovs. On the first run three vectors
were not classified because they were outside of the ellipsoidal ball where the functions were greater than 0.
Whenk was increased to 4 the results were the same as for Gaussians. Thus Epanechnikovs can perform like



Gaussians butrequire less computation and are zero except on afinite region. We used Equation (8c) because
it declines more rapidly and can differentiate better between values of overlapping functions on the same vector.

Table 2. Iris Data: Ellipsoidal Gaussians and Epanechnikovs with MWFEVSs.

Algorithm Class 1 Class 2 Class 3 Notes

Concept 5a 50 47 53 3 vectors (62, 68, 101) were labeled as Class 2
(ellipsoidal Gaussians) but classified as Class 3
Inconsistent Vector No. Feature Values

62 590 3.20 4.80 1.80

68 6.30 250 4.90 1.50

101 6.00 2.70 5.10 1.60
Concept 5b 49*  46* 52* 3 vectors (62, 68, 101) were labeled as Class 2
(ellips. Epanechnikovs) 501t 47t 53t but classified as Class 3. On the first run, one

from each of Classes 1, 2 and 3 were not classified
Inconsistent Vector No. because they were outside of all ellipsoidal balls,
(same as above) but were correctly classified when the covariance

factork was increased td20 on the second run

* first run t second run: adjusted

4.3 Results on the Synthetic DataTable 3 shows the synthetic data that we manufactured to form two
ellipsoids to determine how well the Gaussian and Epanechnikov ellipsoidal functions would fit them with
appropriate rotations. Figures 8, 9 and 10 used this data. The classes are well separated and the ellipsoids
contained themvery well when the covariance factor was increased for the Epanechnikovs. Table 4 shows the
results for both types of functions, where all of the Epanechnikovs use the form of Equation (8c).

Table 3. Synthetic Data to Show Ellispoidal Rotation.

Class 1 Class 2
Features 1, 2 Label Features 1, 2 Label
0.1, 0.5 0 0.5, 05 1
0.1, 04 0 0.6, 0.5 1
0.1, 0.3 0 0.6, 0.6 1
0.2, 0.3 0 0.6, 0.7 1
0.2, 0.2 0 0.7, 0.7 1
0.2, 04 0 0.7, 0.8 1
0.3, 0.3 0 0.8, 0.6 1
0.3, 04 0 0.8, 0.7 1
0.3, 0.2 0 0.8, 0.8 1
0.3, 0.1 0 0.9, 0.9 1
0.4, 0.2 0
0.4, 0.1 0
0.5, 0.1 0



The Epanechnikovs needed a small covariance factor to learn the synthetic data, which is a small data
set that is well separated and noise free. It learned wellnvith/'5. However, the iris and Wisconsin breast
cancer real world data required much larger values.

Table 4. Results of Training on the Synthetic Data.

Algorithm Class 1Class 2 Notes
Concept 5a 13 10 All labeled vectors were correctly classified after
(ellipsoidal Gaussians) defining the Gaussians
Concept 5b 13 10 All labeled vectors were correctly classified
(ellipsoidal Epanechnikovs) after the Epanechnikovs were defined with

adjustments ta = V5

4.4 Results on the Wisconsin Breast Cancer Datalhis data has 30 features that are quantified
guestionnaires completed from patient records. We selected 200 feature vectors atrandom, of which 121 were
labeled as Class 1 and the remaining 79 were labeled as Class 2. Due to the nature of the data, the noise inthe
data has significant power (mean-square error). Thus this datais a difficult test. Each feature was standardized
(normalized) before classification so that each feature has the same importance because some of the feature
values are relatively small compared to the others (we don't have a priori knowledge of which are the most
effective). The results are given in Table 4.

Table 4. The Results of Ellipsoidal Tranining on the WBCD.

Algorithm Labeled Classes Classified Classes Inconsistent Vectors
Ellips. Gaussians 121, 79 106, 94=79+ 15* 4,24, 641,57,75, 78, 87,
88,90, 98,104, 105, 110,
113, 116
Ellips. Epanechnikovs 121, 79 109, 91 Some vectors were out of
106, 94 the ellipsoids on first 2
106, 94 =79+ 15* runs; all were inside on
last run k = 8)

* all 79 vectors labeled in second class were consistent, 15 vectors from first class were inconsistent
5. Analysis and Conclusions

While neural networks can be trained to learn a set of labeled feature vectors, they necessarily learn the
noise and incorrectlabels. They have noway to check the consistency of the classes. Our new fuzzy classifiers
are not only efficient and accurate, but they have a built-in mechanism that enforces consistency. They are
immune to outliers because outliers affect the prototypes negligibly. Once the fuzzy centers are found and the
fuzzy set membership functions defined, any inconsistent data in the training feature vectors are discovered by
testing the training vectors.

Intests on the famous iris data, which neural networks can learn exactly as labeled, our FNNs that used
Gaussians and Epanechnikovs both show that three feature vectors (out of 150) are not consistent and are
mislabeled. We expect that there will remain controversy over the iris data, but we suggest that anyone with
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doubts throw out these outliers, retrain and then reclassify these outliers to see where they belong. It should
be noted that unlabeled data can be clustered with an effective clustering algorithm to assign labels and then
put through our fuzzy classifier, which will then discover any inconsistencies.

We found that the Gaussians are very robust, but the Epanechnikovs require a sufficiently large
covariance factor. It does not seem to matter if that factor is considerably larger than the minimum magnitude
necessary to learn, butifitis less then there are some vectors outside of the functions so that all of their fuzzy
truths of membership are zero.
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Appendix A. The 150* Iris Feature Vectors with 2-D Labels.

Vector Label

Vector

Label

Vector

Label

Vector

Label

51351402-10
6432451501
71305921 1-1
50361402-10
5728451301
49254517 1-1
44291402-10
5227391401
6.53.251201-1
483.0140.1-10
6.129471401
58285124 1-1
54391304-10
5827411001
77266923 1-1
54341702-10
6.1284.01301
77286720 1-1
48341902-10
6630441401
6.2284818 1-1
52341402-10
5726351001
74286.119 1-1
52411501-10
6.0275116 01
6.1265614 1-1
55351302-10
6323441301
6.03.04818 1-1
5.0351303-10
6.13.04614 01
58275119 1-1
5.1381904-10
573.0421201
6.3255.0191-1
533.71502-10
5728411301

7032471401
58275119 1-
463.1150.2-1
652846150
763.06.621 1-
5034150.2-1
662946130
7.2366.125 1-
4834160.2-1
6.0224.0100
57255020 1-
5.7441504-1
563.045150
7.73.86.722 1-
5.13.8150.3-1
593248180
56284920 1-
5.1331.705-1
642943130
72326018 1-
52351502-1
6.02945150
72305816 1-
54341504-1
582739120
6.3285115 1-
50321202-1
6.73.147150
64315518 1-
51341502-1
552644120
69315123 1-
5.0351606-1
562742130
6.73.05223 1-
46321402-1
512530110
59305118 1-

6.33.36.0251-1
473.2130.2-1
552340130
6.53.058221
46341403-1
492433100
6.7255818 1
543.7150.2-1
593.042150
6.83.055211
584.01.20.2-1
6.73.14414 0
6.53.05518 1
5.73.81.70.3-1
562539110
693257231
463.6100.2-1
6.1284.71.20
6.73.357211
50341604-1
6.73.05.01.7 0
642856211
4831160.2-1
552437100
642856221
49311502-1
6.0344516 0
633456241
443.0130.2-1
552540130
6.73.15624 1
44321302-1
502333100
6.73.35725 1
5.138160.2-1
6.2294313 0

1

0
1
1
0
1
1
0
1
1
0
1
1
0
1
1
0
1
1
0
1
1
0
1
1
0
1
1
0
1
1
0
1
1
0
1
6.2345423 1-1

493.01402-10
6931491501
6.3295618 1-1
54391704 -10
6.33.34716 01
73296318 1-1
493.11501-10
5020351001
64275319 1-1
433.01101-10
5629361301
64325323 1-1
51351403-10
6.222451501
6.02250151-1
513.71504-10
6325491501
63274918 1-1
503.01602-10
6828481401
6.13.04918 1-1
47321602-10
5524381101
79386420 1-1
55421402-10
5430451501
77306123 1-1
49361401-10
5630411301
6.93154211-1
45231303-10
5826401201
6.83.25923 1-1
483.01403-10
5729421301
6.53.052201-1
5.0331402-10

* vectors are numbered row-wise (e.g., Vectors 1, 2, 3 and 4 are in the first row)
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Figure 1. A generalized fuzzy classifier network.
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Figure 2. The PNN and FNN architecture.
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Figure 3. A mixed Gaussian function for 2-D vectors.
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Figure 4. Cartesian products of fuzzy set membership functions.
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Figure 5. Two classes formed by multiple radial Gaussian functions.
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Figure 6. Three classes containable in single ellipsoidal Gaussian functions.
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Figure 7. The MWFEV versus the mean and median.
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Figure 8. Ellipsoidal Gaussians for 2-D classes.

18



Fuzzy Irudh asis

Fuzzy irsh mis

Figure 9. Extended Epanechnikov functions on the plane.

Figure 10. Special extended Epanechnikovs on the plane.
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Figure 11. The MWFEYV centers of the four iris features.
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