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Abstract;  This paper discussed the problem that various distances in the interval-data fuzzy c-means clustering method
(labeled TFCM) can’t represent the relative position of interval data, and proposed the relative position dissimilarity. The
relative position dissimilarity is constructed based on the fact that the differential value between distance of midpoint of inter-
val data and sum of the half length of interval data could reflect the relative position of interval data. And the relative posi-
tion dissimilarity satisfies the conditions; 1) it decreases as the decrease of the differential value; 2) it decreases as the in-
crease of the sum of interval data length. In theory, the relative position dissimilarity depicts the difference of the interval
data in quantity and the relative position of interval data. Meanwhile, the relative position dissimilarity was applied in the
IFCM clustering method, which called as IFCM-RPD clustering method. Experimental results show that the IFCM-RPD
clustering method has better clustering effect. As well, selection criteria of the parameters in the relative position dissimilar-
ity are given.
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Fig. 1 Relative Position of the interval data
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Fig.3 Trend graph of index R with parameter h
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Tab.6 Rand index of IFCM based on various distance formulas

BB A A Rand 447 M

Cityblock Higs 0. 6647
Euclidean [ g 0. 7425
Hausdorff 5 2§ 0.7615
Adaptive quadratic [ g5 0. 6351
RPD A5 & 0.7679

M % 6 455 A %0 . IFCM-RPD B85 1 (1) Rand $5
B MAEZH 0. 7679, bb T HoAth 8 85 22 Ay TFCM SR 2k
S Rand $8 458 M 5. 156 B S T AH X7 8 BE 25 1Y
IFCM Bk i SR EE R 5 SCER [ 19 ] 45t iy 3T 43 26 1
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