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Resumat. Arbore binar de clasificare bazat pe mulgimi fussy. In
aceast¥ lucrare eete descris un algoritm de proiectare gi
implementare a unui clasificator binar. Acest algoritm 1igi
propune imbuni¥tifirea algoritmului propus de Fu gi Mui (3). O
multime de date de test eoste utilizatd 1in constructia
clasificatorului. In abordarsa acestei probleme, Fu g§i Mui
folosesc proiectia datelor in plan gi inspectia vizuald ca metode
de separare a clusterilor. Abordarea de fatd propune o separare
automatX, bazatd pe multimi fuzzy.

The design of the binary tree olassifier.

A method to design 2 binary ‘tree classifier has been
proposed in [3). According to Fu and Mul, there are three major
tasks to be implemented, to design a binary tree classifier:

a) a tree skeleton or hierarchical ordering of class labels

b) the choice of features at each nonterminal node

¢) the decision rule to be used at each nonterminal node.
These tasks involve the specification of the £following
parameters:

a) the number of descendant nodes at each nonterminal node

b) the number of features used at each nonterminal node

c) an appropriate decision rule to be considered at each

nonterminal node.
since any conventional single stage classification scheme can be
represented by a binary tree classifier which has exactly two

immediat descendant nodes for each nonterminal node {3]), we
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consider the number of descendant nodes at each nonterminal node
to be two. The next parameter to be specified is the maximum
number of features used at each nonterminal node. This number
depends on the specific classificat:!.-. rroblem and it is a
constant for the problem. Let us denote it by K. To determine K,
the number of all features, the size of test sample and the
average number of samples per class are to be considered. The
decision rule chosen at each nonterminal node is:

if d(x,L') < d(x,L?) then X is classified into calss A; (1)

otherwise X is classified into class A,,
where X 1is the feature vector of the unknown sample to be
classified, Li is the prototype of the class A; (i=1,2) [1) anc
d is a norm induced by distance in RP:

a(x,y)=kx-yl.
The next steps we have to perform are to design the tree skeleton
or hierarchical ordering of class labels and to establish the
actual features used at each nonterminal node. The fundamental
problem which appears when the tree skeleton is built is the
separation of the two groups of classes in each nonterminal node
and the choice of features which are effective in separating
these groups of classes. But, generally, the choise of the most
effective features depends on the classes to be separated and the
separation of the classes depends on what features are used. A
method to break this deadlock is proposed in what follows. Using
General Fuzzy Isodata algorithm [1) a fuzzy class is divided into
two groups. Then, a method similar to the one presented by Fu and

Mui [3] is used to chose the features which are "most effective"
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in separating the two groups of classes.

Let us assume that the predetermined number of classes is
n and that the classes are labeled 1, 2,...,n. We also assume
that the dimension of the features space is p. Suppose we have
reached with the construction of the tree skeleton to a
nonterminal node. Let C be the fuzzy set describing the
nembership degrees of class label i to this node, for all i from
1 to n. For example, at the beginning, when the nonterminal node
is the root, the membership degrees are C(i)=1.0 for all i from
1 to n. Further, using the General Fuzzy Isodata algorithm, a
fuzzy partition [1] P = {A;, A,} of C is detected. According to

the definition of a fuzzy partition, we have:

C(i) = A (1) + A,(i) , i=1,n

For the classification accuracy, the following correction rule

is used:

if A;(i) < 0.1 then A, ,,,(i)=C(i) and A,(1)=0.0 , i=1,n, j=1,2

In determining the partition P, we use n feature vectors,
representing the mean values of the features for each of the n
classes. However, it is possible that not all the p features are
needed to split the class C into A; and A,. Using the set of test
samples, we shall find the "best" up to K features in separating
the two groups of classes. First, the best single feature is
selected an this feafure is used to perform classification based
on the decision rule [1]. The result of the classification is
computed and represents the number of test samples well

classified. The "best 2" up to the "best K" feature subsets are
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Setosa Versicolor Vvirginica
PwW 0.2 1.4 2.5
PL 1.4 4.7 6.0
SwW 3.5 3.2 3.3
SL 5.1 7.0 6.3

mean values

The classification results

of the 4 characteristics

are as follows:

samples no. well classified percent
Setosa 49 49 100%
Virginica 49 26 51.02%
Versicolor 49 49 100%
Total 147 127 85.03%
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Anexa A
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