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Abstract: Noise is one of the most important influences for clustering. Existing fuzzy clustering methods try to
reduce the impact of noise by relaxing the constraint condition of membership. But there are still two basic
problems to be solved. The first is how to evaluate the probability that a sample point is a noise. The second is
how to retain the effect of normal points while suppressing the impact of noise. To solve these two problems,
Robust Fuzzy C-Means based on Adaptive Relaxation (AR-RFCM) is proposed. The new model estimates the
reliability of sample points by the method of the K-Nearest Neighbor (KNN). It adjusts adaptively the
relaxation parameters to reduce the impact of noise, and keeps the effect of reliable sample points at the same
time. In addition, AR-RFCM utilizes the sparsity of membership in K-means to improve the effect of reliable
sample points. Therefore, the compactness of clusters is improved and the impact of noise is suppressed.
Experiments demonstrate that AR-RFCM has a good robustness for noise, and also achieves higher rand index
in all 25 UCI data sets, even averagely higher than FCM 7.7864%.
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Auto-mpg 76.234-0 75.2144.02 77.2740.46 75.6440 85.6240.30 77.6442.09
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Iris 83.684-0 79.334+7.90 82.2744.23 85.6840 87.3740 85.6840
Zoo 87.914+1.76 87.564+6.15 88.90+5.82 85.7645.22 89.7842.33 96.65+-0
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Breast-cancer 90.534-0 78.42+414.25 86.24+16.97 91.5940 94.3140 94.860
Wine 95.43+0 73.354+4.57 91.85+6.62 90.36-£0 95.43+0 96.4040.73
Automobile 71.8340.44 70.814+1.78 72.08+1.62 71.79+0.38 71.99+0.29 74.244-0.29
Messidor Features 50.494-0 50.6240.35 50.6340.01 50.8640 50.65-£0.53 51.804-0.61
Fertility 50.0040 65.744+12.93 50.0840.18 57.9946.55 79.1340.71 78.854+1.75
Seeds 89.92:+0 78.7045.28 88.53+0.52 87.06-£0 89.9240 91.26-0.52
Blance 58.8244.58 58.4945.70 62.66+4.69 60.5545.09 60.564+4.07 65.9743.54
House Votes 77.5240 71.4648.61 75.4946.07 72.4146.76 77.8640 78.904-0
Vowel 67.154+2.47 82.68+£1.61 53.52+4.44 82.914+0.94 66.81+1.81 85.4740.20
Glass 71.314£0.45 69.2941.19 71.5840.98 71.0740.86 71.5940.39 72.454-0.77
Mammographic 67.964-0 64.004+7.05 67.9840.04 62.3546.02 68.5540 68.1140
Pima Indians Diabetes 59.0740 56.2343.27 52.4140.13 58.0940 59.0640.03 59.18+0.29
Qualitative Bankruptcy 94.534-0 74.58+16.72 97.6240 94.53+0 94.53+0 97.6240
Seismic Bumps 51.88+0 71.15+£12.53 56.19+£10.29 87.704-0 87.69-+0.10 87.704-0
Phishing Data 68.7240.29 60.7345.18 69.13+0.28 62.7140 68.9340.39 69.67--0.09
Yeast 65.83+1.61 72.9541.21 63.44+2.90 72.9542.06 66.58+£1.58 75.7140.03
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