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Abstract

In this paper we have derived four differ-
ent fuzzy similarities from three extensions
of t-norms mentioned in [1] pages 195-
200. We have derived these similarities in
the same spirit like they would have been
used in Łukasiewicz algebra.

We will present four different similarities
based on the extensions oft-norms these
are known asTinf-extension, P-extension,
E-extension andHn extension. Similar-
ity based onHn extension is made by
implementing different parameters into E-
extension based similarity.

We will use these similarities in classifica-
tion tasks and show some classification re-
sults of these similarities when they are used
as classifiers. We will show that actually
similarity relation based onTinf-extension
is based on Łukasiewicz algebra and that
it gives the best classification results from
similarities derived and tested here. We will
also show that weighting will make classifi-
cation results better.

This study will be a short preliminary work
as we aim to move on to study some other
algebraic structures than Łukasiewicz. In
our extended version of this paper we will
investigate the use of some other means than
arithmetic with these equivalence relations
presented here.
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1 Introduction

Lately we have studied classifiers that are based on
the use oft-norm called Łukasiewicz. We have gained
some good results with this structure in the classifica-
tion tasks and now we are going test some other possi-
ble t-norms that can be used in similar ways. In clas-
sification we are using the extensions oft-norms these
are known asTinf-extension, P-extension, E-extension
andHn extension. In future we aim to study more the
properties and the use of differentt-norm based fuzzy
similarities.

2 Comparison of Different Similarities
Based onT-norms

In formulas below we are examining a choice situation
where features of different objects have been normed
in values between [0,1]. LetX be the set ofm ob-
jects and the similarity values of the features between
n objects that are known marked asf1, ..., fn. Since
we know these similarity values, we can choose the
object that has the highest total similarity value. Now
we are trying to find for objectxi similar objectx j ,
where1≤ i, j ≤ m and i 6= j. By choosing follow-
ing t-norms for features of the objects we getn fuzzy
similarities for comparing two objects(x1,x2):

Similarity relation based on Tinf-extension:

STinf 〈x1,x2〉=
n

∑
i=1

1
n
(1−|x1( fi)−x2( fi)|) (1)



Similarity relation based on P-extension:

SP〈x1,x2〉=
n

∑
i=1

1
n
(1−x1( fi)+x1( fi)x2( fi))

(1−x2( fi)+x2( fi)x1( fi)) (2)

Similarity relation based on E-extension:

SE〈x1,x2〉=
n

∑
i=1

1
n
(

1+x2( fi)−x1( fi)
1+x2( fi)−x1( fi)x2( fi)

1+x1( fi)−x2( fi)
1+x1( fi)−x2( fi)x1( fi)

) (3)

One way to adjust similarity based on E-extensiont-
norm with additional parameterw is following, when
we get a similarity relation calledSimilarity relation
based onHn extension:

SH〈x1,x2〉=
n

∑
i=1

1
n
(

1+wx2( fi)−wx1( fi)
1+wx2( fi)−wx1( fi)x2( fi)

1+wx1( fi)−wx2( fi)
1+wx1( fi)−wx2( fi)x1( fi)

) (4)

3 Empirical Results

We used three different well known data sets which
were taken from [2]. Data sets were splitted in half.
One half was used for learning and the other half for
testing.

Iris-data Set Data set consists of three classes and it
is four dimensional.

Thyroid gland-data Set Data consist also of three
classes and it is five dimensional.

Wine recognition-data Set Data consist of three
classes and it is 13 dimensional.

In table 1 there is the classification results of the three
similarities derived fromt-norms. Tinf is actually the
simple version of Łukasiewiczs algebra based similar-
ity relation. As seen from the resultsTinf gives better
results with respect toP and E-extension similarity
relations. In Figure 1 there is results from theHn-
extension similarity which is same asE-extension but
with additional parameterw added. We studied the

effects of this parameter with respect to classification
results. As seen with proper choice ofw results en-
hanced and this suggests that correct weighting might
enhance results even further. Unfortunately we have
so far been unable to find such parameters.

Table 1: Classification results (percentage of correct
classifications) with differentt-norms.

Data Set Tinf-ext. P-ext. E-ext.
Iris 94.67 72.00 72
Thyroid 89.81 87.04 83.33
Wine 95.51 89.33 82.02
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Figure 1: Results using similarity based onHn exten-
sion with additionalw-parameter with data sets.

4 Conclusions and Future

Similarity relation based onTinf-extension t-norm
seems to work best compared to other similarities in-
troduced here but complete study of other similarities
derived fromt-norms should be carried out. For fu-
ture work will be left a thorough study oft-norms and
how different metrics could be implemented in them.
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