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Abstract. This paper presents KERNEL, a neuro-fuzzy system for the extrac-
tion of knowledge directly from data. The KERNEL system conforms to the
KBN approach which concerns the use and representation of explicit knowledge
within the neurocomputing paradigm. A specific neural network is designed,
that reflects in its topology the structure of the fuzzy inference model on which
is based the KERNEL system. For the implementation of the system, a toolbox
developed in the Matlab environment is proposed. A well-known classification
benchmark is used as illustrative example.

1 Introduction

Recent research efforts extend to combine the processing capabilities of the neural net-
works with the readability of the structured representation of knowledge. In this context,
there has been a considerable interest in the Knowledge-Based Neurocomputing (KBN)
approach which is a discipline concerning methods to address the explicit representa-
tion and processing of knowledge where a neurocomputing system is involved [6]. In
particular, neuro-fuzzy systems are a powerful trade off in terms of readability and effi-
ciency beetwen human-like representations of knowledge and fast learning methods [§],
9, [10].

In this paper we describe KERNEL (Knowledge Extraction and Refinement by
NEural Learning): a KBN system which is able to extract and refine knowledge directly
from data in the form of fuzzy rules through neural learning. We have presented this
system in other previous works [5]. In particular, in this paper we present a toolbox for
KERNEL, developed in the Matlab environment.

2 The KERNEL System and its architecture

The KERNEL system is based on a fuzzy inference model which adopts fuzzy rules of
type:

IF z,is AY AND... AND z,is AATHEN y,is b;,AND ... AND v,,is by, (1)



A priori
Input Data knowledge
| |

- I

x 0/’9\- —0—=¥1
ST y, | Neuro-fuzzy
)‘( — N Network
"o\“-é 0¥

' b

Extraction of Refinement Optimization

fuzzy rules of fuzzy of fuzzy rule
rule base base /

Figure 1: Scheme of the KERNEL system.

where 1,... ,, are the input variables, yi, ..., ¥, are the output variables, A¥ are
fuzzy sets and b;; are fuzzy singletons. Fuzzy sets A¥ are defined by Gaussian mem-
bership functions px(z;) = exp(—(z; — cix)?/0%), where ¢y, o4, are the center and the
width of the Gaussian function, respectively. For every input vector x = (z1,... ,x,),
the output vector y = (y1,...,¥m) can be obtained by
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where p(x) = [[i—; pir; is the activation strength of the kth rule.

This fuzzy inference model is encoded in a specific neural network, whose topology
reflects the parameters and the organization of the fuzzy rule base. The neuro-fuzzy
network is composed of three layers:

1. In the first layer nodes are collected in K groups (corresponding to the K rules),
each composed of n units (corresponding to the n fuzzy sets of every rule). These
nodes estimate the values of the Gaussian membership functions.

2. The second layer is composed of K units (corresponding to the K rules of the fuzzy
model). Each node evaluates the fulfilment degree of every rule.

3. The nodes of the third layer supply the final output of the system according to (2).

The neuro-fuzzy network described above constitutes the core of KERNEL system
(see Fig. 1), which is organized into three distinct components:

e the first component extracts knowledge from data in the form of a fuzzy rule base.
A clustering of data is performed by carrying out an unsupervised learning of the
neuro-fuzzy network.

e The second component improves the accuracy of the fuzzy rule base performing a
supervised learning of the neuro-fuzzy network.



Figure 2: The toolbox for the KERNEL system.

e The third component improves the interpretability of the fuzzy rule base. This is
achieved by reducing the number of rules through a structure reduction of the neural
network and by enforcing constraints on the input membership functions via a ge-
netic algorithm.

Details about theoretical aspects and implementation of each component of KERNEL
can be found in our previous publications ([1], [2], [3], [4]).

3 A Matlab toolbox for KERNEL

A toolbox for the KERNEL system has been developed in the MATLAB ver 5.3 envi-
ronment!. The toolbox is composed of three modules corresponding to the three com-
ponents of the KERNEL system (Fig. 2). The three modules have been conceived to
work either sequentially (starting from the extraction of knowledge from input data
to the final improvement of the fuzzy rule base) or in an unrelated way (according to
the user needs). The toolbox provides a graphical representation of multidimensional
data in 2D and a tool to visualize the fuzzy-rules and test the accuracy of the available
model.

The first module of the toolbox initializes the structure and the set of parameters
of the model. By means of a graphical interface, the user can load the input data
and define the initial set of parameters required to perform the unsupervised learning.
In particular, two kinds of clustering can be selected: the first is based on Euclidean
distance to perform hyperspherical clustering, the latter uses Mahalanobis distance
for hyperelliptical clustering. A peculiarity of the proposed learning process consists
in providing automatically the appropriate number of clusters (corresponding to the
number of rules for the fuzzy model). Refer to [1] and [2] for more details about the
learning algorithms involved in this module.

!The Matlab toolbox can be downloaded at www.di.uniba.it\ ~cilab



Table 1:

number of % classification

rules Training set Test set
Unsupervised phase 5 95.6 93.4
Supervised phase 5 97.1 100
Optimization phase 3 87.7 93.3

-- input data = clusters centers

Figure 3: The elliptical clustering.

A global tuning of fuzzy rule parameters is performed by the second module of
the toolbox. After selecting the training options, it is possible to start the supervised
learning of the neural network. According to the specific task the system has to deal
with, i.e. regression or classification problems, two cost functions are available [4].

The third module has been designed to optimize the final structure of the fuzzy
inference model [3]. Two algorithms are sequentially applied:

e a pruning algorithm to simplify the structure of the neuro-fuzzy network and, con-
sequently, the fuzzy rule base;

e a genetic algorithm which works on the possible configurations of membership func-
tions to improve the readability of the fuzzy rule base.

The application of these algorithms can be iterated until an accuracy criterion is satis-
fied.

4 Illustrative example

To illustrate the use of the proposed toolbox, we have considered a well-known bench-
mark problem concerning classification of Iris flowers [7]. Three species of Iris flowers
(setosa, versicolor and virginica) are known. There are 150 samples for this problem, 50
of each class. A sample is a four-dimensional pattern vector representing four attributes
of the Iris flower (sepal length, sepal width, petal length, and petal width).

Table 1 summarizes the results achieved on a random-chosen split of the data set
in a training set and a test set. Figures 3, 4 and 5 illustrate, respectively, the result of
the elliptical clustering (empty clusters are also shown), the trend of the error during
the supervised learning and the plot of the final fuzzy rule base.
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Figure 4: The error plot during the supervised learning process.
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Figure 5: The final fuzzy rule base.
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