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Robust FCM clustering algorithm based on hybrid-distance learning

BIAN Zekang, WANG Shitong
(School of Digital Media, Jiangnan University, Wuxi 214122, China)

Abstract : The distance metric plays a vital role in the fuzzy C-means clustering algorithm. In actual applications,

there is a practical scenario in which the clustered data have a certain amount of side information, such as pairwise

constraints with labels. To sufficiently utilize this side information, first, we propose a learning method based on

hybrid distance, in which side information can be utilized to attain a distance metric formula for the data set. Next,

we propose a robust fuzzy C-means clustering algorithm ( HR-FCM algorithm) based on hybrid-distance learning,
which is semi-supervised. The HR-FCM inherits the robustness of the GIFP-FCM ( generalized FCM algorithm with

improved fuzzy partitions) and has better clustering performance due to the more appropriate distance metric. The

experimental results confirm the effectiveness of the proposed algorithm.

Keywords: distance metric; FCM clustering algorithm; pairwise constraints; side information; hybrid distance;

semi-supervised; GIFP-FCM; robustness
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Table 1 Description of data sets

AEIEE S BEARL RRHERK FHEK
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wdbe 569 30 2
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waveform 5 000 21 3
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Table 2 The performance of clustering algorithm
breast wdbe sonar vehicle waveform
RPN
RI NMI RI NMI RI NMI RI NMI RI NMI
HR-FCM 0.8869 0.6720 0.8511 0.5942 0.5088 0.0171 0.6616 0.1709 0.6644  0.3490
FCM 0.5199 0.0045 0.7504 0.4672 0.5036 0.0091 0.6506 0.1802 0.6600  0.3209
K-means 0.5206 0.0047 0.7504 0.4672 0.5032 0.6430 0.6523 0.186 8 0.6673  0.362 2
K-medoids 0.5206 0.0047 0.7707 0.4999 0.5022 0.0071 0.6509 0.1866 0.6701 0.368 1
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Table 3 The results on the data sets with or without random noises

) JE AR JIA 10% 1 Bt LI+ A 20% Y BEHLIE
BHEE vowel (SNR=40 dB)
RI NMI RI NMI RI NMI
FCM 0.868 5 0.443 7 0.868 7 0.442 8 0.866 1 0.427 6
a=0.5 0.862 4 0.429 4 0.861 2 0.421 1 0.861 2 0.408 5
a=0.7 0.864 8 0.438 4 0.862 4 0.412 8 0.860 8 0.412 1
HR-FCM
a=0.9 0.863 2 0.423 4 0.860 3 0.412°8 0.860 9 0.411 4
m=1.5 a=0.99  0.8633 0.424 3 0.859 5 0.415 7 0.859 2 0.4115
a=0.5 0.853 7 0.389 8 0.857 7 0.394 0 0.857 3 0.394 1
a=0.7 0.857 8 0.396 1 0.858 4 0.399 2 0.860 0 0.396 7
GIFP-FCM
a=0.9 0.854 1 0.391 2 0.857 8 0.395 6 0.861 3 0.394 7
a=0.99  0.8479 0.346 2 0.863 8 0.418 5 0.858 8 0.376 3
FCM 0.736 9 0.304 9 0.727 0 0.286 5 0.722 6 0.292 0
a=0.5 0.857 9 0.410 4 0.855 8 0.399 3 0.856 4 0.399 8
a=0.7 0.858 9 0.418 2 0.858 7 0.414 5 0.860 1 0.409 0
HR-FCM
a=0.9 0.861 9 0.430 4 0.862 0 0.420 9 0.861 3 0.416 5
m=2 a=0.99  0.8614 0.428 3 0.861 0 0.413 3 0.860 9 0.417 7
a=0.5 0.855 7 0.380 9 0.858 8 0.389 1 0.860 3 0.381 9
a=0.7 0.855 9 0.399 7 0.854 2 0.379 7 0.855 9 0.398 3
GIFP-FCM
a=0.9 0.855 2 0.377 8 0.855 4 0.383 8 0.855 9 0.403 0
a=0.99  0.8610 0.421 1 0.859 9 0.400 0 0.853 3 0.350 4
FCM 0.740 2 0.304 6 0.747 8 0.316 2 0.727 8 0.291 6
a=0.5 0.856 0 0.401 1 0.856 2 0.396 7 0.853 0 0.383 7
a=0.7 0.855 1 0.393 7 0.855 7 0.394 8 0.852 9 0.395 5
HR-FCM
a=0.9 0.856 0 0.411 7 0.855 8 0.406 4 0.853 9 0.393 3
m=3 =099  0.860 9 0.425 1 0.858 7 0.408 2 0.859 5 0.417 6
a=0.5 0.773 3 0.298 7 0.775 4 0.269 3 0.772 8 0.300 5
a=0.7 0.860 6 0.383 7 0.854 9 0.380 0 0.848 7 0.353 9
GIFP-FCM
a=0.9 0.860 1 0.399 9 0.851 9 0.388 2 0.858 8 0.407 9
a=0.99  0.8429 0.348 0 0.854 6 0.393 3 0.859 5 0.388 5
FCM 0.750 9 0.3259 0.757 6 0.3229 0.749 8 0.309 5
a=0.5 0.853 8 0.387 4 0.855 0 0.386 8 0.854 4 0.384 2
a=0.7 0.851 9 0.384 3 0.8527 0.383 3 0.850 4 0.370 2
HR-FCM
a=0.9 0.853 4 0.410 5 0.849 8 0.384 9 0.850 6 0.391 9
m=4 =099  0.8553 0.419 7 0.852 9 0.416 9 0.855 5 0.414 2
a=0.5 0.737 9 0.184 7 0.766 7 0.245 0 0.777 5 0.237 1
a=0.7 0.834 9 0.359 8 0.849 8 0.388 9 0.834 8 0.358 5
GIFP-FCM
a=0.9 0.854 4 0.381 5 0.856 7 0.378 0 0.854 0 0.365 1

a=0.99 0.842 2 0.382 1 0.851 1 0.363 4 0.849 8 0.348 2
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Table 4 The results on the data sets with or without random noises

] JE AR JIA 10% 1 Bt LI+ A 20% Y BEHLIE
B4 led(SNR=30 dB)
RI NMI RI NMI RI NMI
FCM 0.662 4 0.262 9 0.656 2 0.265 6 0.656 0 0.265 3
a=0.5 0.854 2 0.453 0 0.852 9 0.451 9 0.851 6 0.452 8
a=0.7 0.887 9 0.457 3 0.888 7 0.459 3 0.888 4 0.458 8
HR-FCM
a=0.9 0.886 5 0.462 7 0.886 4 0.460 7 0.887 7 0.462 6
m=1.5 a=0.99  0.8850 0.456 8 0.885 1 0.457 4 0.886 5 0.460 4
a=0.5 0.555 7 0.293 4 0.555 7 0.293 0 0.556 2 0.293 2
a=0.7 0.789 8 0.354 3 0.794 6 0.354 9 0.805 1 0.363 7
GIFP-FCM
a=0.9 0.875 4 0.402 1 0.873 5 0.399 8 0.876 1 0.406 6
a=0.99  0.8794 0.406 1 0.875 3 0.411 4 0.875 7 0.414 8
FCM 0.718 2 0.242°9 0.703 5 0.2552 0.697 3 0.250 7
a=0.5 0.630 8 0.294 7 0.629 4 0.299 7 0.615 4 0.292 9
a=0.7 0.847 2 0.450 2 0.845 4 0.451 1 0.845 4 0.450 8
HR-FCM
a=0.9 0.885 4 0.449 9 0.884 3 0.448 4 0.886 7 0.454 4
m=2 a=0.99  0.8876 0.464 3 0.886 1 0.461 9 0.886 9 0.464 1
a=0.5 0.573 3 0.290 9 0.605 1 0.276 5 0.574 5 0.288 0
a=0.7 0.577 2 0.292 1 0.5817 0.291 0 0.572 9 0.288 1
GIFP-FCM
a=0.9 0.877 3 0.4159 0.876 4 0.4123 0.877 0 0.4157
a=0.99  0.8768 0.412 7 0.879 1 0.419 6 0.878 3 0.429 6
FCM 0.746 2 0.237 4 0.744 8 0.233 8 0.735'5 0.244 0
a=0.5 0.645 6 0.283 5 0.645 3 0.284 9 0.649 6 0.278 6
a=0.7 0.674 9 0.341 6 0.674 2 0.339 9 0.676 1 0.3395
HR-FCM
a=0.9 0.889 0 0.460 8 0.889 2 0.461 8 0.888 6 0.459 0
m=3 a=0.99  0.8857 0.452 4 0.884 3 0.450 4 0.885 8 0.453 3
a=0.5 0.637 5 0.271 9 0.676 6 0.249 7 0.598 8 0.286 2
a=0.7 0.559 5 0.292 3 0.564 9 0.288 8 0.557 8 0.292 9
GIFP-FCM
a=0.9 0.856 4 0.473 9 0.854 3 0.435 1 0.857 1 0.474 5
a=0.99  0.8758 0.406 9 0.874 5 0.399 6 0.874 2 0.402 8
FCM 0.777 1 0.225 7 0.773 7 0.220 2 0.766 1 0.227 8
a=0.5 0.679 9 0.284 7 0.639 8 0.277 2 0.674 0 0.276 0
a=0.7 0.639 9 0.3257 0.639 8 0.324 4 0.640 3 0.326 7
HR-FCM
a=0.9 0.8725 0.464 4 0.874 8 0.468 3 0.873 0 0.463 6
m=4 a=0.99  0.8826 0.448 4 0.883 9 0.449 1 0.883 0 0.443 2
a=0.5 0.694 5 0.260 0 0.717 3 0.238 6 0.765 0 0.226 0
a=0.7 0.563 5 0.291 7 0.576 3 0.287 4 0.646 8 0.263 5
GIFP-FCM
a=0.9 0.806 5 0.409 0 0.824 6 0.429 3 0.8154 0.419 6

a=0.99 0.874 1 0.398 4 0.8759 0.406 4 0.873 7 0.395 4
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