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Abstract

The fuzzy set theory has been wide used in clustering of machine learning with data mining since fuzzy theory has
been introduced in 1960s. In particular, fuzzy C-means algorithm is a popular fuzzy clustering algorithm up to date.
An element is assigned to any cluster with each membership value using fuzzy C-means algorithm. This algorithm is
affected from the location of initial cluster center and the proper cluster size like a general clustering algorithm as
K-means algorithm. This setting up for initial clustering is subjective. So, we get improper results according to
circumstances. In this paper, we propose a cluster merging using enhanced density based fuzzy C-means clustering
algorithm for solving this problem. Our algorithm determines initial cluster size and center using the properties of
training data. Proposed algorithm uses grid for deciding initial cluster center and size. For experiments, objective
machine learning data are used for performance comparison between our algorithm and others.
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Table 2. Cluster validity of final clustering

FCM | DBFCM | En-FCM
s | FS | 088 | 0560 | 683
XB 1722 1679 1.063
FS | 72363 | 71338 | 53884
WDBC 5T 17512 | 1199 1.847
FS | a2ss7 | 42616 | 31562
BREAST —~p 0604 0.602 0.548

3 A 33} ¥ 23 FEA

Table 3. Cluster validity after re-clustering

FCM DBFCM En-FCM
IRIS FS -0.640 -0.698 —6.833
XB 1.734 1.682 1.063
FS 71.458 71.206 51.328
WDBC XB 18.04 12.799 1.643
REA FS 41.862 41.766 31.320
B ST XB 0.598 0.598 0.547
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Table 5. Computing time of re-clustering

FCM DBFCM En-DBFCM
IRIS 0.047 0.031 0.031
WDBC 0.047 0.016 0.016
BREAST 0.078 0.062 0.046
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Table 4. Computing time of each algorithm

FCM DBFCM En-DBFCM
IRIS 0.249 0.469 0.313
WDBC 0.375 0.937 2.376
|BREAST| 0312 8.344 1.797
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¥ 6. FCMel ¢]§ IRIS dl°}€]9] Confusion matrix
Table 6. IRIS Confusion matrix by FCM

FCMl ol % @

actual class 1 class 2 class 3 total

class 1 43 7 50

class 2 4 46 50

class 3 50 50
total 47 53 50 150

¥ 7. DBFCMl 9% IRIS Hlo|& 9] Confusion matrix

Table 7. Confusion matrix by DBFCM

DBFCM 9% ¥% 43
actual class 1 class 2 class 3 total
class 1 41(43) A7) 50
class 2 3(4) 47(46) 50
class 3 50 50

total 44(47) 56(53) 50 150
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¥ 8 En-DBFCMoll 2]3F IRIS H|°]E 2] Confusion matrix
Table 8. IRIS Confusion matrix by En-DBFCM
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¥ 15. DBFCMell 2|3l BREAST dle]&12] Confusion

matrix

En-DBECMe| 23 23 A} Table 15. BREAST Confusion matrix by DBFCM
actual class 1 class 2 class 3 total DBFCMe o8t ¥/ A7
class 1 48 2 50 actual class 1 class 2 total
class 2 4 46 50 class 1 227(227) 14(14) 241
class 3 50 50 class 2 12(11) 446(447) 458
total 52 48 50 150 total 239(233) 460(461) 699
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Table 16. BREAST Confusion matrix by En-DBFCM

Table 9. Misclassification rate of IRIS data En-DBFCMe| o]aF 28 Az}
FCM DBFCM En-DBFCM actual class 1 class 2 total
LEF BE 7.33% 8% (7.33%) 4% class 1 223 18 241
class 2 11 447 458
F 10. FCMol 23 WDBC dl°|€}¢] Confusion matrix total 234 465 699

Table 10. WDBC Confusion matrix by FCM
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.

FCMol &% ¥ % A3
actual class 1 class 2 total
class 1 197(198) 15(14) 212
class 2 30(31) 327(326) 357
total 227(229) 342(340) 569
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Table 17. Misclassification rate of BREASTdata
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Table 11. WDBC Confusion matrix by DBFCM

DBFCMell &3 &5 23
actual class 1 class 2 total
class 1 197(197) 15(15) 212
class 2 29(30) 328(327) 357

total 226(227) 343(342) 569
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Table 12. WDBC Confusion matrix by En-DBFCM

En-DBFCMel 9st ¥7 7}
actual class 1 class 2 total
class 1 197(197) 15(15) 212
class 2 27(25) 330(332) 357

total 224(222) 345(347) 569
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Table 13. Misclassification rate of WDBC data
FCM DBFCM En-DBFCM

791% 7.73%6 (791%) |7.38% (7.02%)

LEF vlg

E 14. FCMe9l 9J% BREAST dl°]8 ¢ Confusion matrix
Table 14. BREAST Confusion matrix by FCM

FCMel 9% #5 2%
actual class 1 class 2 total
class 1 227 14 241
class 2 12 446 458
total 239 460 699
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