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Hyper—ellipsoidal clustering algorithm using Linear Matrix
Inequality
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Abstract

In this paper, we use the modified gaussian kernel function as clustering distance measure and recast the given
hyper-ellipsoidal clustering problem as the optimization problem that minimizes the volume of hyper—ellipsoidal
clusters, respectively and solve this using EVP (eigen value problem) that is one of the LMI (linear matrix inequality)
techniques.
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Fig. 1. The ellipsoid represented by a pseudo
covariance matrix
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Fig. 2. Hyper-ellipsoidal clustering algorithm
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Table 1. Artificial dataset . Table 3. The summary of clustering results of the
proposed algorithm
L e X-#FR Y-3%
1 20 20 . 27 3 rﬁﬁ— T8 ¥ 33 A
2 25 30 X Y T X Y
25 1.0 25 2.0
3 25 1.0 1 5 O
4 30 : 2.0 48 -15 5.0972 1.9812
45 40 25 20
5 50 . 60 5 0 o
6 45 40 45 1.0 5.0972 1.9812
3.0 2.0 25 20
7 48 42 3 5 O
8 47 20 50 25 5.0972 1.9812 -
30 20 25 2.0
9 5.0 25 4 5 O
10 45 1.0 48 -15 5.0972 1.9812
45 40 25 20
11 50 05 5 5 O
12 53 . 1.0 53 -2.0 5.0972 1.9812
_ 45 40 25 20
13 48 15 6 3 O
14 53 250 47 | 20 50972 | 19812
7 2.0 20 4 25 20 o
E 2. K-Means &xg&o 93t 27l FH ¢ 2 ¢4 F 53 | 10 5.0072 1.9812
=3 @ o |48 |42 | 25 20 |
Table 2. Initial means ' and converged means of 53 0 50972 L0812
K-Means algorithm
9 50 6.0 5 25 20 o
27 T4 # 1 2 45 | 40 50072 | 19812
seay | o 20 25 o A7 [ 20 [ | 3956 | 0229 |
Y-H# 20 30 45 | 10 41732 | 38892
ZeH 2 X-ZFHE 47 50
Y-#E 2.0 25
FH 7 F4 1 2
-
2829 1 X-3% 25. 25
Y-#x% 20 20
R X-HE 49 49
Y-#E 1.8 18

a9 4. Aot LaglEd ok S8 2HFY
Fig. 4. The clustering result of the proposed algorithm
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Fig. 3. The clustering result of K-Means algorithm olfiz < Iris HolHo dd 4d& FIHA

303



st HX| Y X|SAlAH 85 2002, Vol. 12, No. 4

i Eac 754% 3w Ao} 4HA £A (attribute)ol] 23
o] =AY B A¥o)A K-Means &nelEs A
g d3E EF 27 F4 @l FHEA FaH
H& Fyste 44 5’-‘*“3} Tz, e #E9 A
T 2 =FdA Add grngFel 2ot £2 H5E
Ade & F ARG F 45 7 daEEd g3 Fya
Bl A7E 293 Aoln] 19 59 138 6& Iris Hl 9]
E{o] 3t K-Means ¢xeglE&F ¥ Add gzl ¢
g Zel~Hy Aol

¥ 4 Iris dlojgol dig 26" dx
Table 4. The summary of clustering result

° =
= Sl K-Means Ard dugF
K=
5.0060 5.0060
3.4280 3.4280
Setosa
1.4620 1.4620
0.2460 0.2460
59016 5.9361
. 2.7484 2.7656
Versicolor
43935 44033
1.4371 1.4000
6.8474 6.7692
o 3.0737 3.0385
Virginica
57421 5.6923
20711 2.1128
o}y = 2% 2e2Ed &
Hqee) A
e e K-Means AR FaHFE
Setosa 0 0
Versicolor 2 0
Virginica 14 11

19 5 K-MeansE ©]-&% Iris vlolEle] S2]28F
A7
Fig. 5. The clustering result of K-Means
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