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Abstract: In this paper, we present a new method to deal with the Iris data classification prob-
lem based on the distribution of training instances. First, we find two useful attributes of the Iris
data from the training instances that are more suitable to deal with the classification problem. It
means that the distribution of the values of these two useful attributes of the three species (i.e,,
Setosa, Versicolor and Virginica) has less overlapping. Then, we calculate the average attribute
values and the standard deviations of these two useful attributes. We also calculate the overlap-
ping areas formed by the values of these two useful attributes between species of the training in-
stances, the average attribute values, and the standard deviations of the values of these two useful
attributes of each species. Then, we calculate the difference between the values of these two
useful attributes of atesting instance to be classified and the values of these two useful attributes
of each species of the training instances. We choose the species that has the smallest difference
between the values of these two useful attributes of the testing instance and the values of these
two useful attributes of each species of the training instances as the classification result of the
testing instance. The proposed method gets a higher average classification accuracy rate than the
existing methods.

Keywords:. Iris data; maximum attribute value; minimum attribute value; standard deviation;
average classification accuracy rate.

1. Introduction

It is obvious that how to deal with classifi-
cation problems is a very important research
topic of fuzzy classification systems|[2, 3, 4, 7,
8, 13, 14, 15, 16, 20, 25, 26]. In [2], Castro et
a. presented a method to learn maxima
structure rules in fuzzy logic to deal with the
Iris data [11] classification problem. In [§],
Chen et a. presented a method to generate

fuzzy rules from training instances based on
genetic algorithms to deal with the Iris data
classification problem. In [13], Hong et &.
presented a method to generate fuzzy rules
and membership functions from training ex-
amples to deal with the Iris data classification
problem. In [15], Hong et a. presented a
method to generate fuzzy rules by finding the
relative attributes from training data to deal
with the Iris data classification problem. In
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[16], Hong et al. presented a method to gen-
erate fuzzy rules by processing individual
fuzzy attributes to deal with the Iris data clas-
sification problem. In [17], Hong et al. dis-
cussed the effect of merging order on per-
formance of fuzzy rules induction for han-
dling the Iris data classification problem. In
[20], Lin et a. presented a method to generate
weighted fuzzy rules from the training data
based on genetic algorithms to deal with the
Iris data classification problem. In [25], Wu et
al. presented a method to construct member-
ship functions and generate fuzzy rules from
training instances to deal with the Iris data
classification problem. In [26], Wang et al.
presented a method to generate modular fuzzy
rules to deal with the Iris data classification
problem.

In this paper, we present a new method to
dea with the Iris data classification problem
based on the distribution of training instances.
First, we find two useful attributes of the Iris
data from the training instances that are more
suitable to deal with the classification prob-
lem. It means that the distribution of the val-
ues of these two useful attributes of the three
species (i.e., Setosa, Versicolor and Virginica)
has less overlapping. Then, we calculate the
average attribute values and the standard de-
viations of these two useful attributes. We
also calculate the overlapping areas formed
by the values of these two useful attributes
between species of the training instances, the
average attribute values, and the standard de-
viations of the values of these two useful at-
tributes of each species. Then, we calculate
the difference between the values of these two
useful attributes of a testing instance to be
classified and the values of these two useful
attributes of each species of the training in-
stances. We choose the species that has the
smallest difference between the values of
these two useful attributes of the testing in-
stance and the values of these two useful at-
tributes of each species of the training in-
stances as the classification result of the test-
ing instance. The proposed method gets a
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higher average classification accuracy rate
than the existing methods.

The rest of this paper is organized as fol-
lows. In Section 2, we present a new method
for handling the Iris data classification prob-
lem based on the distribution of training in-
stances. In Section 3, we use an example to
illustrate the proposed method. In Section 4,
we compare the average classification accu-
racy rate of the proposed method with that of
the existing methods. The conclusions are
discussed in Section 5.

2. A new method for handling the Iris data
classification problem based on the dis-
tribution of training instances

In this section, we present a new method to
deal with the Iris data [11] classification
problem based on the distribution of training
instances. The Iris data has 150 instances as
shown in Table 1, where there are four attrib-
utes, i.e, Sepal Length (SL), Sepa Width
(SW), Peta Length (PL) and Petal Width
(PW), and there are three species, i.e., Setosa,
Versicolor, and Virginica, where each species
has 50 training instances. In recent years,
many methods have been proposed to ded
with the Iris data classification problem [2, 3,
4,7, 8, 13, 14, 15, 16, 20, 25, 26]. In the fol-
lowing, we present a new method to deal with
the Iris data classification problem based on
the distribution of training instances. Let us
consider the Iris data shown in Table 1. We
randomly choose n instances as the training
instances and let the rest of 150 — n instances
be the testing instances. The proposed ago-
rithm is now presented as follows:

Sep 1: Find the maximum attribute value and
the minimum attribute value of each attribute
of the n training instances.

Sep 2 Based on the maximum attribute
value and the minimum attribute value of any
two attributes of each species of the training
instances to form the boundaries of a plane.
Then, caculate the overlapping area of the



A New Approach for Handling the Iris Data Classification Problem

three planes formed by the values of any two
attributes with respect to the three species of
the training instances. For example, assume
that a training instance belongs to the species
“Setosa” and assume that the pair of the
maximum attribute value and the minimum
attribute value of the attributes PL and PW are
(Pl—max(Setosa). P\Nmax(Setosa)) and (PLmin(Setogi),
PWin(satos), respectively, then a plane is
formed as shown in Figure 1, and the area
formed by the pairs (PL max(setosa) PVWmax(setosa))
and  (PLmin(setoss)y PWhin(setoss)) 1S equal to
(Pl—max(Setosa) - PLmin(Setosa)) X (P\Nmax(Setosa) -
PWin(satoss). The overlapping area of the
three planes formed by the values of any two
attributes with respect to the three species of
the training instances can be calculated de-
scribed as follows. Assume that A, B and C
are three species of the Iris data, and assume
that the overlapping area of the species A and
the species B of the training instances is de-
noted by the area of oblique lines as shown in
Figure 2. Assume that the maximum attribute
values of the attribute PL and the attribute PW
of the species A of the training instances are
PLmaxa) and PWmaa), respectively; assume
that the maximum attribute values of the at-
tribute PL and the attribute PW of the species
B of the training instances are PLmaxg) and
PWhaxg), respectively; assume that the mini-
mum attribute values of the attribute PL and
the attribute PW of the species A of the train-
ing instances are PLpina) and PWpina), re-
spectively; assume that the minimum attribute
values of the attribute PL and the attribute PW
of the species B of the training instances are
PLming) and PWhing), respectively. Then, the
overlapping area formed by the values of at-
tributes PL and PW of the species A and spe-
cies B is equa to (MiN(PLmaxa), Plmax@)) —
MaX(PLmina), PlLming))) > (MiN(PWaxa),
PWmax@) — MaX(PWmina), PWhing))). Be-
cause there are three species in the training
instances, we can see that there are three
planes formed by the values of the attributes
PL and PW as shown in Figure 3.

Sep 3: Calculate the overlapping area of the
values of each pair of attributes of the training
instances belonging to different species. If the
atributes X and Y have the smallest total
overlapping area, then these two attributes X
and Y are useful attributes to be used for
dealing with the Iris data classification prob-
lem, and the other attributes are useless at-
tributes and are discarded. For example, as-
sume that the overlapping areas formed by the
values of the attribute PL and the attribute PW
of the three species A, B and C of the training
instances are as shown in Figure 3, then the
method for calculating the overlapping area
formed by the values of the attributes PL and
PW of the three species A, B and C is as fol-
lows [10Q]. If the overlapping area formed by
the values of the attributes PL and PW of the
training instances belonging to the species A
and the species B is zero or the overlapping
area formed by the values of the attributes PL
and PW of the training instances belonging to
the species B and the species C is zero or the
overlapping area formed by the values of the
attributes PL and PW of the training instances
belonging to the species C and the species A
is zero, then the total overlapping area = “the
overlapping area formed by the values of the
attributes PL and PW of the training instances
belonging to the species A and the species B”
+ “the overlapping area formed by the values
of the attributes PL and PW of the training
instances belonging to the species B and the
species C” + “the overlapping area formed by
the values of the attributes PL and PW of the
training instances belonging to the species C
and the species A”. If the overlapping area
formed by the values of the attributes PL and
PW of the training instances belonging to the
species A and the species B is not zero and the
overlapping area formed by the values of the
attributes PL and PW of the training instances
belonging to the species B and the species C
is not zero and the overlapping area formed
by the values of the attributes PL and PW of
the training instances belonging to the species
C and the species A is not zero, then the total
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overlapping area = “the overlapping area
formed by the values of the attributes PL and
PW of the training instances belonging to the
species A and the species B” + “the overlap-
ping area formed by the values of the attrib-
utes PL and PW of the training instances be-
longing to the species B and the species C” +
“the overlapping area formed by the values of
the attributes PL and PW of the training in-
stances belonging to the species C and the
species A” — 2 x “the overlapping area formed
by the values of the attributes PL and PW of
the training instances belonging to the species
A, Band C”.

Sep 4. Let the average attribute values of the
attributes X and Y of the training instances

belonging to the species Setosa be X,

and y.,.. , respectively; let the average at-
tribute values of the attributes X and Y of the
training instances belonging to the species
Versicolor be Xygseor ANd Yvesooor + 1€

spectively; let the average attribute value of
the attributes X and Y of the training instances

belonging to the species Virginicabe x

Virginica

and yVirginica ’ r%pectively, Where

(PI-max (Setosa)» PVVmax(Selosa))

(PL min(Setosa) P\Nmin(saosa))

Figure 1.The area formed by the pairs (PLmax, PWmax) and (PLmin, PWiin)

(PLminays PWiina))

(PL maxays PWinax(a))
(PL max(g), PWiaxg))

| Species B

(PLing) PWhine))

Figure 2. The overlapping area formed by the values of the attributes PL and PW of the
training instances belonging to the species Aand B

Species 4

(PL maxay, PWinax(a))
(PLmaxg), PWiaxg))

Zpecies B

(PLminays PWiina))

(PLmin@)s PWhiing))

Species (PLmax(c)r PWmax(c))

(PLincc) PWhino))

Figure 3. The overlapping areas formed by the values of the attributes PL and PW be-
longing to the training instances of the three species A, B and C, respectively
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Table 1. Iris data [11]

Setosa Versicolor Virginica
SL|SW|PL |PW| SL|SW|PL|PW|SL|SW|PL |PW
51 | 35 14 | 0.2 7 32 | 47 14 | 63 | 33 6 2.5
4.9 3 14 0.2 6.4 3.2 4.5 15 58 2.7 51 19
4.7 3.2 13 0.2 6.9 31 49 15 7.1 3 5.9 21
4.6 31 15 0.2 55 23 4 13 6.3 2.9 5.6 18

5 3.6 14 | 02 | 65 | 28 | 46 | 15 | 65 3 58 | 2.2
54 39 17 04 57 2.8 4.5 13 7.6 3 6.6 21
4.6 34 14 0.3 6.3 3.3 4.7 16 4.9 25 45 17

5 34 15 0.2 49 21 3.3 1 7.3 2.9 6.3 18
44 2.9 14 0.2 6.6 29 4.6 13 6.7 25 5.8 18
49 | 31 15 | 01 | 52 27 | 39 | 14 | 72 | 36 | 6.1 | 25
54 37 15 0.2 5 2 35 1 6.5 32 51 2
4.8 34 16 0.2 5.9 3 4.2 15 6.4 2.7 53 19
4.8 3 14 0.1 6 2.2 4 1 6.8 3 55 21
43 3 11 0.1 6.1 29 4.7 14 5.7 25 5 2
5.8 4 12 | 02 | 56 | 29 | 36 | 1.3 | 58 | 28 | 51 | 24
57 4.4 15 04 6.7 31 4.4 14 6.4 32 53 2.3
54 3.9 13 04 5.6 3 45 15 6.5 3 55 18
51 35 14 0.3 58 2.7 41 1 7.7 3.8 6.7 22
57 | 3.8 17 | 03 | 6.2 22 | 45 | 15 | 7.7 | 26 | 69 | 23
51 | 38 15| 03 | 56 | 25 | 39 | 11 6 2.2 5 15
54 | 34 | 17 | 02 | 59 | 32 | 48 | 18 | 69 | 32 | 57 2.3
51 3.7 15 04 6.1 2.8 4 13 5.6 2.8 49 2
4.6 3.6 1 0.2 6.3 25 49 15 7.7 2.8 6.7 2
51 | 33 17 | 05 | 61 | 28 | 47 12 | 63 | 27 | 49 1.8
48 | 34 | 19 | 02 | 64 | 29 | 43 | 1.3 | 67 | 33 | 57 2.1

5 3 16 | 0.2 | 6.6 3 44 | 14 | 72 | 32 6 18

5 34 16 04 6.8 2.8 4.8 14 6.2 2.8 4.8 18
52 35 15 0.2 6.7 3 5 17 6.1 3 49 18
52 | 34 | 14 | 0.2 6 29 | 45 | 15 | 64 | 28 | 56 | 21
4.7 | 3.2 16 | 02 | 57 26 | 35 1 7.2 3 5.8 1.6
4.8 31 16 0.2 55 24 3.8 11 74 2.8 6.1 19
54 34 15 04 55 24 3.7 1 7.9 3.8 6.4 2
52 4.1 15 0.1 5.8 2.7 3.9 12 6.4 2.8 5.6 22
55 4.2 14 0.2 6 2.7 51 16 6.3 2.8 51 15
4.9 31 15 0.2 54 3 4.5 15 6.1 2.6 5.6 14

5 3.2 12 0.2 6 34 45 16 7.7 3 6.1 23
55 35 13 0.2 6.7 31 4.7 15 6.3 34 5.6 24
49 3.6 14 0.1 6.3 23 44 13 6.4 31 55 18
4.4 3 13 | 02 | 56 3 41 | 13 6 3 4.8 1.8
51 34 15 0.2 55 25 4 13 6.9 31 54 21

5 35 13 0.3 55 2.6 44 12 6.7 31 5.6 24
45 2.3 13 0.3 6.1 3 4.6 14 6.9 31 51 23
44 | 3.2 13 | 02 | 58 | 26 4 12 | 58 | 27 | 51 1.9

5 3.5 16 | 0.6 5 23 | 33 1 68 | 32 | 59 | 23
51 | 38 19 | 04 | 56 | 27 | 42 13 | 67 | 33 | 57 2.5
4.8 3 14 0.3 5.7 3 4.2 12 6.7 3 52 23
51 3.8 16 0.2 57 29 4.2 13 6.3 25 5 19
46 | 3.2 14 | 02 | 6.2 29 | 43 | 13 | 65 3 5.2 2
53 37 15 0.2 51 25 3 11 6.2 34 54 2.3

5 33 14 0.2 57 2.8 4.1 13 59 3 51 18
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1 k
Xsgosa = E z XSaosa(i) ! (1)
i=1

Xsetosa( i) denotes the attribute value of the at-
tribute X of theith training instance belonging
to the species Setosa, and k is the number of
training instances belonging to the species
Setosa;

1 S
Xveascdor = g; Xyersicdor (i) ! (2)
Xversicolor( ) denotes the attribute value of the
attribute X of the ith training instance be-
longing to the species Versicolor, and s is the
number of training instances belonging to the
species Versicolor;

XVlrglnlca = Z XVlrglnlca( i) ! (3)
Xvirginica( i) denotes the attribute value of the
attribute X of the ith training instance be-
longing to the species Virginica, and t is the
number of training instances belonging to the
species Virginica;

1 k
Ysetosa = E ZySetosajj) ! (4)
i=1

Ysetosai) denotes the éttribute value of the at-
tribute Y of theith training instance belonging
to the species Setosa, and k is the number of
training instances belonging to the species

Setosa’ Z yVersooIor(l) (5)

Wersicolor() denotes the attribute value of the
attribute Y of the ith training instance belong-
ing to the species Versicolor, and s is the
number of training instances belonging to the
species Versicolor;

Zyv.,g.n.oa(. ©)

Wirginicaiy denotes the attribute value of the
attribute Y of the ith training instance belong-
ing to the species Virginica, and t is the num-
ber of training instances belonging to the spe-
ciesVirginica.

Sep 5: Let the standard deviations of the val-

yVerscoIor =

yVlrglnlca

42 Int. J. Appl. Sci. Eng., 2005. 3, 1

ues of the attributes X and Y of the training
instances belonging to the species Setosa be
SDX(Setosa) and SDY(Setosa), respectively; let the
standard deviations of the attributes X and Y
of the training instances belonging to the spe-
cies Versicolor be  SDxesicooy and
SDy (versicolor),  respectively; let the standard
deviations of the attributes X and Y of the
training instances belonging to the species
Vi rgl nica be SDX(Virginica) and SDY(Virginica), re-
spectively, where

SDX(SEIO%) = Iiz: (Xsaos( 1) = Xsctom )2 (1)
k is the number of training instances belong-
ing to the species Setosa, Xsaosyi) denotes the
attribute value of the attribute X of the ith
training instance belonging to the species Se-
tosa, and X, denotesthe average attribute

value of the attribute X of the training in-
stances belonging to the species Setosg;

. - 1
SDX(VG’SlCOlOT) - g ; (XVasicolor (i) XVascoIor (8)
where s is the number of training instances
belonging to the species Versicolor, Xvesicolor(i)
denotes the attribute value of the attribute X
of the ith training instance belonging to the

species Versicolor, and X4 denotes the

average attribute value of the attribute X of
the training instances belonging to the species
Versicolor;

(9)

2
Virginica i) XVirgmlca )

SDx virginica) :\/tl,zl (x
where t is the number of training instances
belonging to the species Virginica, Xvirginica( iy
denotes the attribute value of the attribute X
of the ith training instance belonging to the

species Virginica, and X4, denotes the

average attribute value of the attribute X of
the training instances belonging to the species
Virginica;

SDY(Setosa) = (10)

ySaosa )2 ’

1 k
?; (YSa(m( iy~
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where k is the number of training instances
belonging to the species Setosa, Yseosai) de-
notes the attribute value of the attribute Y of
the ith training instance belonging to the spe-
cies Setosa, and vy, denotes the average

attribute value of the attribute Y of the train-
ing instances bel onging to the species Setosa;

SDY(VHSCOIOO = %Zs (yVersicolor iy yVersicoIor )2 ! (11)
where s is the number of training instances
belonging to the species Versicolor, Yversicolor()
denotes the attribute value of the attribute Y
of the ith training instance belonging to the

species Versicolor, and Yy 4.0 dENOtes the

average attribute value of the attribute Y of
the training instances belonging to the species
Versicolor;

SDY(Virginica) = %Zt (yVirginica( i~ yVirginica )2 ! (12)

where t is the number of training instances
belonging to the species Virginica, Yirginica i)
denotes the attribute value of the attribute Y
of the ith training instance belonging to the

species Virginica and Yy ginca denotes the

average attribute value of the attribute Y of
the training instances belonging to the species
Virginica.

Sep 6: Caculate the area formed by the val-
ues of the attributes X and Y of the training
instances belonging to the species Setosa,
Versicolor, and Virginica, respectively, de-
scribed as follows. Let the maximum attribute
value and the minimum attribute value of the
attribute X of the training instances belonging
to the species Setosa be Xmaxseaoss) and
Xmin(setosa), respectively; let the maximum at-
tribute value and the minimum attribute value
of the attribute Y of the training instances be-
longing to the species Setosa be Y max(seosa)
and Y min(setosa), respectively; let the maximum
atribute value and the minimum attribute
value of the attribute X of the training in-

stances belonging to the species Versicolor be
Xmax(Vers;icoIor) and >(min(Vers;icoIor), feSpeCtiny;
let the maximum attribute value and the
minimum attribute value of the attribute Y of
the training instances belonging to the species
Versicolor be Ymax(VersicoIor) and Ymin(VersicoIor),
respectively; let the maximum attribute value
and the minimum attribute value of the attrib-
ute X of the training instances belonging to
the species Virginica be Xmaxwvirginicay and
Xmin(virginica), respectively; let the maximum
atribute value and the minimum attribute
value of the attribute Y of the training in-
stances belonging to the species Virginica be
Ymax(Virginica) and Ymin(Virginica), feSpeCtin)/-
Then, the area formed by the values of the
attributes X and Y of the training instances
belonging to the species Setosa, Versicolor,
and Virginica are  Are€asgosa, Ar€aversicolor
and Areayirginica, respectively, where

Ar€asosa = (Xmax(Setoss) — Xmin(Setosa)) X
(Y max(setosa) — Y min(Setosa))» (13)

A l€dversicolor = (X max(Versicolor) — X min(Versicol or)) X
(Y max(Versicolor) — Y min(Versicol or)) ’

(14)

Areavi rginica — (Xmax(Virgi nica) — >(mi n(Virginica)) X
(Ymax(Virgi nica) — Ymin(Virgi nica))-
(15)

From the above steps of the proposed algo-
rithm, we can obtain the needed information
from the training instances. Based on this in-
formation, we can deal with the classification
of testing instances. In the following, we de-
scribe how to classify atesting instance. First,
we can find two useful attributes X and Y
through Step 1 to Step 3 of the proposed a go-
rithm. Assume that the values of these two
useful attributes X and Y of the testing in-
stance are x and y, respectively. Based on Step
4 to Step 6 of the proposed agorithm, we can

obtain the values of Xsetosa 1 Ysatosa ' Rversicolor 1

Yversicolor XVirginica ’ yVirginica ’ SDX(SHOQ)’

SDY(Setosa) ’ SDX(Versi color)s SDY (Versicolor),
SDx virginica), SDy (virginica), Al'€8satosa, Al€aversi-
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color aNd Areaviginicas respectively. After we
add the testing instance into the training in-
stances, we can see that the areas formed by
the values of the useful attributes X and Y of
the training instances belonging to the species
Setosa, Versicolor and Virginica are NAreas.
tosasa NATr€&vasicolor anNd Nareayirginica, respec-
tively, where

NAr€aseosa = (max(xmax(Setosa), X) —
MiN(X min(setosa)s X)) X
(maX(Ymax(Setosa), y) -
MiN(Y min(setosa)s ¥)), (16)

NAreaversicolor = (MaX(Xmax(versicolor), X) —
mi n(Xmin(VersicoIor), X)) X
(maX(Ymax(Versicolor), y) -
MiN(Y minversicolor), ¥)), (17)

NAreayirginica = (MaX(Xmax(virginica)s X) —
min(xmin(Virginica), X)) X
(Max(Y max(virginica), Y) —
min(Y min(Virginica), y)) (18)
Then, based on these numerica data, we
can see that the difference between the testing
instance and the training instances belonging
to the species Setosa, Versicolor and Virginica
ae DiffSetosa. DiffVersicoIor, and DiffVirginica, re-
spectively, where

Diffseosa = (NAr€8seosa — Al€seoss) + [X —
Xeum | — SDx(setos) T IV — yo |-
SDy (setosa)s (19)

Diffversicolor = (NAr€aversicolor — Ar€aversicolor) +
X = Xyaqme | — SDx(Versicolon) *+
|y _W |_ SDY(Vers;icoIor),
(20)

DiffVirginica = (NAreaVirginica_Areavirginica) +
X— x — SDxvirginica) T [y —

Virginica |

Y Virginica | - SDY(Vi rginica)- (21)

If Diff; is the smallest value among the val-
ues of Diffsaosa, Diffvasicoor @d Diffyiginica,
where Diffie{Diffsaoss, Diffversicoor, Diffvir-
ginica} » then the testing instance is classified
into the speciesi, where i e{ Setosa, Versicolor,

44 Int. J. Appl. Sci. Eng., 2005. 3, 1

Virginica}.
3. An example

In this section, we use an example to illus-
trate the proposed method for dealing with the
Iris data classification problem. First, we ran-
domly choose 75 instances from the Iris data
as the training instances as shown in Table 2,
and let the other 75 instances of the Iris data
be the testing instances as shown in Table 3.

[Step 1] Based on Table 2, we can obtain the
maximum attribute value and the minimum
attribute value of each attribute of the training
instances belonging to the species Setosa,
Versicolor and Virginica, respectively, as
shown in Table 4.

[Step 2] After caculating the overlapping
area formed by the values of each pair of at-
tributes of the three species of the training
instances, we get the results shown in Table 5.

[Step 3] From Table 5, we can see that the
total overlapping area between the attributes
PL and PW is the smadlest (i.e, 0.16).
Thus, the attributes PL and PW are useful at-
tributes to be used for dealing with the Iris
data classification problem, and the attributes
SL and SW are useless attributes and are dis-
carded.

[Step 4] By applying formulas (1)-(6), we can
obtain the average attribute values of the at-
tributes PL and PW of each species of the
training instances, respectively, where

PL suosa = 1.456, PWgyoe = 0.224, PLygqcoior =
4.308, PWyggcoor = 1.352, PLyigica = 5.564,

and PWygnca = 2.076.

[Step 5] By applying formulas (7)-(12), we
can obtain the standard deviations of the at-
tributes PL and PW of each species of the
training instances, where SDpy (saoss) = 0.202,
SDF’\N(Setosa) = 0.081, SDPL(VersicoIor) = 0.470,
SDpw(versicolory = 0.190, SDpy (virginicay = 0.534
and SDP\N(Virginica) =0.273.
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[Step 6] By applying formulas (13)-(15), we
can calculate the area formed by the values of
the attributes PL and PW of each species of

the training instances, where Areasgosa =
0.27, Areavesicior = 1.52 and Areavirginica =
2.64.

In the following, we choose a testing in-
stance from Table 3 to illustrate how to deal
with the classification of the testing instances.
For example, we use the first testing instance
(4.9, 3, 1.4, 0.2) shown in Table 3, where the
value of the attribute PL = 1.4 cm and the
value of the attribute PW = 0.2 cm, which
belongs to the species Setosa. Based on for-

mulas (16)-(18), we can calculate the new
area NAreasaosa, NAr€aversicoor and NAreayir-
ginica after adding the testing instance into the
training instances, where NAreasgosa = 0.27,
NAreavescoor = 5.60 and NAreavignica =
12.65. Based on formulas (19)-(21), we can
get Diffsaosa = 0.21, Diffyegcoor = 7.48 and
Diffvirginica = 15.23. Because the value of
Diffsqosa 1S the smallest among the values of
DiffSetog, DiffVersicolor and DiffVirginica, the test-
ing instance (4.9, 3, 1.4, 0.2) is classified into
the species Setosa. From Table 3, we can see
that it is acorrect classification result.

Table 2. Training instances

Setosa

Versicolor

Virginica

SL | SW | PL | PW | SL | SW

PL | PW | SL SW PL

51 | 35| 14 | 02 7 3.2

47 | 14 | 63 3.3 6 25

47 | 32 | 1.3 | 02 | 69 | 31

49 | 15| 71 3 59 21

5 36 | 14 | 02 | 65| 28

46 | 1.5 | 65 3 58 22

46 | 34 | 14 | 03 | 63 | 3.3

47 | 16 | 49 25 4.5 1.7

44 | 29 | 14 | 02 | 66 | 29

46 | 1.3 | 6.7 25 58 18

54 | 37 | 15 | 02 5 2

35 1 6.5 3.2 51 2

4.8 3 14 | 01 6 | 22

4 1 6.8 3 55 21

5.8 4 12 | 02 | 56 | 29

36 | 1.3 | 58 2.8 51 24

54 1 39 | 13 | 04 | 56 3

45 | 15| 65 3 55 18

57 | 38 | 1.7 | 03 | 6.2 | 22

45 | 15 | 7.7 2.6 6.9 23

54 | 34 | 1.7 | 02 | 59 | 32

48 | 1.8 | 6.9 3.2 5.7 2.3

46 | 3.6 1 02 | 63| 25

49 | 15 | 7.7 2.8 6.7 2

48 | 34 | 19 | 02 | 64 | 29

43 | 1.3 | 6.7 33 5.7 21

5 34 | 16 | 04 | 68 | 28

48 | 14 | 6.2 28 4.8 18

52 | 34 | 14 | 02 6 2.9

45 | 15| 64 2.8 5.6 21

48 | 31 | 16 | 02 | 55| 24

38| 11| 74 28 6.1 1.9

52 | 41 | 15 | 01 | 58 | 27

39 | 12 | 64 28 5.6 22

49 | 31 | 15| 02 | 54 3

45 | 15| 61 2.6 5.6 14

55 1 35| 13 | 02 |67 31

47 | 15| 6.3 34 5.6 24

4.4 3 13 | 02 | 56 3

41 | 1.3 6 3 4.8 18

5 35 | 13 | 03 | 55| 26

44 | 1.2 | 6.7 31 5.6 24

44 | 32 | 1.3 | 02 | 58 | 26

4 12 | 58 2.7 51 1.9

51 | 38 | 19 | 04 | 56 | 27

42 | 1.3 | 6.7 33 5.7 25

51 | 38 | 16 | 02 | 57 | 29

42 | 1.3 | 6.3 25 5 1.9

53 | 37 | 15 | 02 | 51 | 25

3 11| 6.2 34 54 2.3
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Table 3. Testing instances

Setosa Versicolor Virginica
SL |SW|PL|PW|SL|SW|PL|PW| SL |SW| PL|PW
4.9 3 14|02 | 64| 32| 45| 15|58 |27 |51 | 19
46 | 31| 15| 02 | 55 | 23 4 13| 63|29 | 56| 18
54 | 39| 17 | 04 | 57| 28| 45| 13| 76 3 6.6 | 21
5 34 | 15| 02| 49| 21 | 33 1 73|29 | 63| 18
49 | 31|15| 01 | 52|27 |39| 14| 72| 36| 61| 25
48 | 34 | 16 | 02 | 59 3 42 | 15| 64 | 27 | 53 | 19
4.3 3 11|01 | 61|29 | 47 | 14 | 57 | 25 5 2
57 | 44 | 15| 04 | 67 | 31| 44| 14 | 64 | 32 | 53 | 23
51| 35| 14| 03| 58| 27| 41 1 77 | 38 | 6.7 | 22
51138 | 15| 03|56 | 25| 39| 11 6 2.2 5 15
51| 37| 15| 04 | 6.1 | 28 4 13| 56|28 | 49| 2
51 |1 33|17 | 05|61 | 28| 47| 12|63 | 27 | 49| 18
5 3 16 | 02 | 66 3 44 | 14 | 72 | 32 6 1.8
52 | 35| 15| 02 | 6.7 3 5 17 | 6.1 3 49 | 1.8
47 | 32|16 | 02 | 57 | 26 | 35 1 7.2 3 58 | 1.6
54 | 34 | 15| 04 | 55| 24 | 37 1 79 | 38|64 | 2
55 | 42 | 14 | 02 6 27 151 |16 | 63|28 |51 15
5 32 12| 02 6 34 | 45 | 16 | 7.7 3 6.1 | 23
49 | 36 14|01 | 63|23 ]| 44|13 |64 |31 ]|55] 18
51 ]34 | 15| 02 | 55| 25 4 13|69 |31 |54 21
45 | 23 13| 03 | 6.1 3 46 | 14 | 69 | 31 | 51 | 23
5 35| 16 | 06 5 23 | 33 1 68 | 32 | 59 | 23
4.8 3 14 | 03 | 57 3 42 | 12 | 67 3 52 | 2.3
46 | 32 1402 | 62|29 | 43|13 ]| 65 3 5.2 2
5 33|14 |02 |57 |28] 41 ] 13|59 3 51 | 1.8

Table 4. The maximum attribute value and the minimum attribute
value of each attribute of each species of the training

instances
Attributes SL SW PL PW
Species Max | Min | Max | Min | Max | Min | Max | Min
Setosa 5.8 4.4 4.1 2.9 1.9 1.0 0.4 0.1
Versicolor 7.0 50 3.3 2.0 4.9 3.0 1.8 1.0
Virginica 7.7 4.9 3.4 25 6.9 4.5 25 1.4

4. Experimental results

Based on the proposed method, we have
implemented a program on a Pentium 4 PC by
using Jbuilder version 5.0 for dealing with the
Iris data classification problem. A comparison
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of the average classification accuracy rate of
the proposed method with that of the existing
methods is shown in Table 6. From Table 6,
we can see that the proposed method gets a
higher average classification accuracy rate

than the existing methods.




A New Approach for Handling the Iris Data Classification Problem

Table 5. The overlapping areas formed by the values of the
attributes between species of the training instances

Overlapping
i between
Overlapping species | Setosaand | Versicolor and| Virginica .Setosa, Total
area ) S Versicolor, and .
Versicolor Virginica and Setosa L overlapping area
Virginica
Pair of attributes
Attribute SL and
attribute SW 0.32 1.60 0.45 0.32 1.72
Attribute SL and
attribute PL 0.0 0.80 0.0 0.80 0.80
Attribute SL and
attribute PW 0.0 0.80 0.0 0.80 0.80
Att;g‘i‘éitse"gl_a”d 0.0 0.32 0.0 0.32 0.32
Attribute SW and
attribute PW 0.0 0.32 0.0 0.32 0.32
Attribute PL and
attribute PW 0.0 0.16 0.0 0.16 0.16

Table 6. A comparison of the average classification accuracy
rates for different methods

Methods Average classification
accuracy rate
Hong-and-Lee’s method [13] (training data set: 75 instances; 95.57%
testing data set: 75 instances; executing 200 runs) '
Hong-and-Lee’s method [14] (training data set: 75 instances; 95.57%
testing data set: 75 instances; executing 200 runs) '
Chang-and-Chen’s method [3] (training data set: 75 instances, 96.07%
testing data set: 75 instances; executing 200 runs) '
Wu-and-Chen’s method [25] (training data set: 75 instances; 96.21%
testing data set: 75 instances; after executing 200 runs) '
The proposed method (training data set: 75 instances; testing 96.28%
data set: 75 instances; executing 200 times) '
Castro’s method [2] (training data set: 120 instances; testing datal 96.60%
set: 30 instances; executing 200 runs) '
The proposed method (training data set: 120 instances; testing 96.72%
data set: 30 instances; executing 200 runs) '
Dasarathy’s method [9] (training data set: 150 instances; testing 94.67%
data set: 150 instances) '
Hong-and-Chen’s method [15] (training data set: 150 in- 96.67%
stances; testing data set: 150 instances) '
The proposed method (training data set: 150 instances; testing 97.33%
data set: 150 instances) '
5. Conclusions tion problem based on the distribution of

training instances. First, we find two useful
In this paper, we have presented a new  attributes of the Iris data from the training in-
method for handling the Iris data classifica=  stances that are more suitable to deal with the
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classification problem. It means that the dis-
tribution of the values of these two useful at-
tributes of the three species (i.e., Setosa, Ver-
sicolor and Virginica) has less overlapping.
Then, we calculate the average attribute val-
ues and the standard deviations of these two
useful attributes. We also calculate the over-
lapping areas formed by the values of these
two useful attributes between species of the
training instances, the average attribute values,
and the standard deviations of the values of
these two useful attributes of each species.
Then, we calculate the difference between the
values of these two useful attributes of each
species of the training instances. We choose
the species that has the smallest difference
between the values of these two useful attrib-
utes of the testing instance and the values of
these two useful attributes of each species of
the training instances as the classification re-
sult of the testing instance. We aso have im-
plemented a program on a Pentium 4 PC by
using Jbuilder version 5.0 for dealing with the
Iris data classification problem. The experi-
mental results show that the proposed method
gets a higher average classification accuracy
rate than the existing methods.
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