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Incremental fuzzy ( c+p)-means clustering for large data

LI Tao, WANG Shitong
(School of Digital Media, Jiangnan University, Wuxi 214122, China)

Abstract; FCPM has been demonstrated to be successful in fuzzy system modeling, however, it will be ineffective
for large data clustering tasks where the cluster centers of one class are known. In order to circumvent this draw-
back, referring to single-pass fuzzy c-means ( SPFCM) clustering algorithm and online fuzzy c-means ( OFCM)
clustering algorithm, the incremental fuzzy clustering algorithm for large data called IFCM(c+p) is proposed in this
paper. FCPM algorithm is used to cluster for each data block at first, and then the clustering centers of data block
and some of the sample points being near them are joined into the next block to be clustered, meanwhile the bal-
ance factor is given to enhance the clustering performance. In contrast to SPFCM, OFCM and rseFCM, IFCM(c+
p) is not sensitive to the initial cluster centers. The experiments indicate the proposed clustering algorithm [FCM( ¢
+p) is competitive to the clustering algorithms SPFCM and rseFCM in the clustering performance without the loss of
running time a lot, hence it is especially suitable for large data clustering tasks where the cluster centers of one
class are known.

Keywords : incremental fuzzy clustering; FCPM; IFCM(c+p) ; balance factor; large data
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avg. std. avg. std. avg. std. avg. std.
0.4107 0.0233 0.409 1 0.002 6 0.3909  0.007 4 0.3078  0.0037
1% 0.3855 0.439 8 0.398 0 0.4173 0.3567  0.424 8 0.306 1 0.3332
0.4329 0.006 2 0.348 4 0 0.3613  0.0018 0.3199  0.0040
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&5 IFCM(c+p) SPFCM,rseFCM EATE 2D15 SR & H A NMI &
Table 5 NMI of IFCM(c+p), SPFCM, rseFCM for 2D15 dataset
S, IFCM (c+p) (@ =2.1) IFCM (c+p) ( @ =0) SPFCM rseFCM
avg. std. avg. std. avg. std. avg. std.
. 0.9399 0.024 4 0.843 8 0.0312 0.9260 0.0164 0.868 8 0.0213
% 0.878 5 0.9870 0.769 9 0.905 5 0.8972  0.9494 0.8195 0.9137
0.934 8 0.0100 0.869 5 0.0193 0.9302 0.0163 0.896 5 0.0252
230% 0.9000 0.9553 0.827 8 0.923 8 0.9042 09513 0.829 8 0.9410
0.9519 0.0159 0.9123 0.008 6 0.943 0.016 5 0.903 5 0.0202
> 0.9155 0.9715 0.878 3 0.9262 0.905 5 0.960 6 0.8652 0.943 3
. 0.936 9 0.008 4 0.8775 0.004 7 0.9313 0.0115 0.9200 0.0193
10% 0.928 4 0.950 7 0.8717 0.888 2 0.890 6 0.9449 0.8776 0.9432
. 0.926 0 0 0.864 6 0.0130 0.9222  0.0147 0.92904  0.0195
2% 0.9255 0.926 3 0.8259 0.8713 0.8958 0.940 5 0.886 6 0.9509
0.9137 0.024 8 0.909 7 0 0.9270 0.0157 0.9214 0.020 8
3% 0.8952 0.947 4 0.908 7 0.9104 0.899 2 0.943 1 0.865 2 0.9438
09118 0 0.907 9 0 0.921 0.017 4 0.916 9 0.02
0% 09111 0.9122 0.907 6 0.908 3 0.8839 0.9439 0.869 6 0.9425
0.860 7 0
FCPM 0.860 4 0.860 8
£ 6 IFCM(c+p) SPFCM,rseFCM B 3% 7E MNIST #i#E & iy NMI &
Table 6 NMI of IFCM(c+p), SPFCM, rseFCM for MNIST dataset
N IFCM (c+p) ( o =160) IFCM(c+p) ( @ =0) SPFCM rseFCM
avg. std. avg. std. avg. std. avg. std.
0.3139 0 0.244 7 0 0.224 6 0.070 9 — —
e 0.3139 0.3139 0.244 7 0.2447 0.1337 0.3345 — —
0.260 6 0 0.2390 0 0.258 8 0.0310 — —
2.50%
0.260 6 0.260 6 0.2390 0.2390 0.1915 0.3173 — —
. 0.297 4 0 0.164 6 0 0.2424  0.0423 — —
> 0.297 4 0.297 4 0.164 6 0.164 6 0.1417 0.298 7 — —
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&xRo
‘ IFCM (c+p) ( @ =160) IFCM (c+p) ( @ =0) SPFCM rseFCM
FEAR RN
avg. std. avg. std. avg. std. avg. std.
0.3217 0 0.208 9 0 0.2299 0 — —
10%
0.3217 0.3217 0.208 9 0.208 9 0.2296  0.230 1 — —
0.263 4 0 0.2180 0 0.1818 0 — —
25%
0.263 4 0.263 4 0.218 0 0.218 0 0.180 7 0.183 2 — —
0.3309 0 0.1712 0 0.202 7 0.013 1 — —
35%
0.3309 0.3309 0.1712 0.1712 0.176 3 0.232 8 — —
0.2135 0 0.207 2 0 0.174 4 0.018 8 — —
50%
0.2135 0.2135 0.207 2 0.207 2 0.163 2 0.2037 — —
0.172 3 0
FCPM(70%) 0.1723 0.1723
R 7 IFCM(c+p) SPFCM, rseFCM BETE forest IR E B NMI 1E
Table 7 NMI of IFCM(c+p), SPFCM, rseFCM for forest dataset
‘ IFCM(c+p) ( @ =21) IFCM (c+p) ( @ =0) SPFCM rseFCM
B
avg. std. avg. std. avg. std. avg. std.
0.1593 0.001 6 0.103 6 0 0.116 1 0.008 9 — —
0.1%
0.1583 0.163 1 0.103 6 0.103 6 0.1042  0.1370 — —
0.1123 0 0.101 6 0 0.1012  0.0049 — —
0.5%
0.1123 0.1125 0.101 6 0.1016 0.094 3 0.1143 — —
0.126 4 0 0.1055 0 0.1102 0.005 6 — —
1%
0.126 0 0.127 3 0.1055 0.1055 0.103 6 0.122 5 — —
0.107 7 0 0.106 4 0 0.100 3 0.003 0 — —
2.50%
0.107 7 0.107 7 0.106 4 0.106 4 0.096 3 0.107 5 — —
0.1092 0 0.102 1 0 0.1025  0.0050 — —
5%
0.1053 0.109 4 0.102 1 0.102 1 0.0988 0.1113 — —
0.101 5 0
FCPM(10%) 0.101'5 0.1015
% 8 IFCM(c+p) .SPFCM,rseFCM &L T waveform #IEEFH RI B
Table 8 RI of IFCM(c+p), SPFCM, rseFCM for waveform dataset
. IFCM(c+p) ( @ =2.1) IFCM(c+p) ( a =0) SPFCM rseFCM
FEA AN
avg. std. avg. std. avg. std. avg. std.
0.702 3 0.009 5 0.680 4 0.001 8 0.669 1 0.330 1 0.657 2 0.001 8
0.1%
0.684 1 0.717 6 0.676 7 0.687 3 0.663 7 0.688 2 0.65656  0.669 7
0.689 0 0.0015 0.663 8 0 0.674 3 0 0.663 3 0.002 8
2.50%
0.688 8 0.699 6 0.662 7 0.663 9 0.674 3 0.674 8 0.662 3 0.682 4
0.7009 0.002 4 0.665 9 0 0.662 5 0 0.665 8 0
5%
0.691 1 0.701 7 0.665 8 0.667 4 0.6622  0.6626 0.6658  0.6659
0.666 6 0 0.665 1 0 0.661 9 0 0.653 1 0
10%

0.666 4 0.670 8 0.663 2 0.6652 0.6619  0.662 1 0.6529 0.653 3
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I IFCM(c+p) (@ =2.1) IFCM (c+p) ( a =0) SPFCM rseFCM
avg. std. avg. std. avg. std. avg. std.
0.664 3 0.001 8 0.663 3 0 0.661 3 0 0.663 3 0
2% 0.653 7 0.669 3 0.663 3 0.663 4 0.6612  0.6615  0.6632  0.663 4
0.6702 0 0.664 0 0 0.663 2 0 0.6623  0.002 4
% 0.669 2 0.670 3 0.663 8 0.664 0.6632  0.6633  0.6619  0.6790
0.669 9 0 0.664 4 0 0.665 1 0 0.660 7 0
0% 0.669 8 0.670 1 0.664 4 0.664 4 0.6648 0.6652  0.6607  0.6608
0.662 2 0.002 7
FCPM 0.649 2 0.6627
£ 9 IFCM(c+p) SPFCM . rseFCM BT 2D15 $iR&E R RI &
Table 9 RI of IFCM(c+p), SPFCM, rseFCM for 2D15 dataset
I IFCM(c+p) ( @ =0.2) IFCM (c+p) ( @ =0) SPFCM rseFCM
avg. std. avg. std. avg. std. avg. std.
0.979 0.009 7 0.938 3 0.0127 0.9755  0.006 0.9697  0.0079
0-1% 0.9559 0.997 6 0.9135 0.966 5 0.9665 09837  0.9504  0.9856
0.984 8 0.002 4 0.960 5 0.006 4 09818 0.0054  0.9773  0.008
230% 0.975 6 0.987 9 0.946 1 0.976 1 09717 09881  0.9561  0.9912
0.989 7 0.005 0 0.976 7 0.003 0 0.9869  0.0049  0.9787  0.0064
> 0.979 2 0.994 6 0.964 8 0.980 5 09773 09916  0.9647 0.9915
0.987 1 0.003 3 0.970 1 0.001 9 0.9864 0.0039  0.9836  0.0067
10% 0.983 6 0.991 4 0.967 7 0.9720 0.9743 09903  0.9687  0.9917
0.983 5 0 0.965 1 0.002 9 0.9849  0.0052  0.9861  0.006 1
2% 0.983 4 0.983 5 0.956 6 0.967 8 09763 09901  0.9708  0.9929
0.983 2 0.006 6 0.980 4 0 0.9860 0.0053  0.9844  0.0067
% 0.978 3 0.993 2 0.980 3 0.980 5 09779 09910  0.9672  0.9917
0.980 1 0 0.981 2 0 0.9842 0.0056  0.9829  0.0066
0% 0.9799 0.980 2 0.981 2 0.9813 09711 09915 09652  0.9913
0.968 3 0
FCPM 0.968 3 0.968 4
£ 10 IFCM(c+p) (SPFCM rseFCM EE7E MNIST 4B & H) RI &
Table 10 RI of IFCM(c+p), SPFCM, rseFCM for MNSIT dataset
- IFCM(c+p) ( o =160) IFCM(c+p) ( & =0) SPFCM rseFCM
avg. std. avg. std. avg. std. avg. std.
. 0.786 4 0 0.7222 0 0.7352  0.096 1 — —
0% 0.786 4 0.786 4 0.7222 0.7222 0.6063  0.840 1 — —
0.793 5 0 0.7123 0 0.7924  0.0336 — —
2.50%
0.793 5 0.793 5 0.7123 0.7123 0.6925  0.8300 — —
0.757 6 0 0.6129 0 0.7541  0.0503 — —
5%
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‘ IFCM (c+p) ( @ =160) IFCM (c+p) ( @ =0) SPFCM rseFCM
FEAR RN
avg. std. avg. std. avg. std. avg. std.
0.8117 0 0.6429 0 0.794 7 0 — —
10%
0.8117 0.8117 0.6429 0.6429 0.794 4 0.7953 — —
0.7375 0 0.660 8 0 0.727 4 0 — —
25%
0.7375 0.7375 0.660 8 0.660 8 0.7270 0.728 9 — —
0.7729 0 0.607 6 0 0.7215 0.009 9 — —
35%
0.7729 0.772 9 0.607 6 0.607 6 0.703 2 0.740 8 — —
0.663 3 0 0.661 2 0 0.642 0 0.022 4 — —
50%
0.663 3 0.663 3 0.661 2 0.6612 0.609 4 0.691 6 — —
0.613 4 0
FCPM (70
(70%) 0.613 4 0.6134
11 IFCM(c+p) SPFCM  rseFCM ELETE forest #{IEE 1Ay RI (B
Table 11 RI of IFCM(c+p), SPFCM, rseFCM for forest dataset
‘ IFCM (c+p) ( @ =21) IFCM (c+p) ( @ =0) SPFCM rseFCM
FEA AN
avg. std. avg. std. avg. std. avg. std.
0.582 8 0 0.569 7 0 0.580 4 0.0122 — —
0.1%
0.5827 0.583 0.569 7 0.569 7 0.561 6 0.600 7 — —
0.564 8 0 0.560 8 0 0.567 4 0 — —
0.5%
0.564 8 0.564 8 0.560 8 0.560 8 0.558 3 0.587 — —
0.5737 0 0.564 1 0 0.572 8 0.007 2 — —
1%
0.5737 0.5737 0.564 1 0.564 1 0.564 3 0.588 7 — —
0.568 0 0 0.564 0 0 0.5722 0.009 3 — —
2.50%
0.568 0 0.568 0 0.564 0 0.564 0 0.5615 0.590 4 — —
0.569 6 0 0.562 6 0 0.568 8 0.018 8 — —
5%
0.569 0.569 6 0.562 6 0.562 6 0.5615 0.594 1 — —
0.562 8 0
FCPM(10%) 0.5628 0.562 8
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