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Fuzzy Weighted k-Nearest Centroid Neighbor Algorithm Based on-Membership
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[ Abstract] The classification results of Fuzzy K-Nearest Centroid Neighbor (FKNCN) algorithm is susceptible to noise
points, outliers, at the same time, the algorithm treats all sample features equally and cannot reflect the difference of sample
features. To solve these two. problems, fuzzy weighted k-nearest centroid. neighbor algorithm (MRFKNCN) based on
membership was proposed. Firstly, a new membership function is“constructed by the idea of density clustering and the
membership degree of training samples is calculated, which can avoid the influence of noise or outlier samples on the
classification results. Then, the weight of each feature was calculated by the Relief-F algorithm of redundancy analysis, the
features and redundant features corresponding to smaller weights were deleted , and k representative nearest centroid neighbors
were selected by weighted Euclidean distance to improve the performance of classification. Finally, the classification of
samples to be classified is determined by the maximum membership principle. The MRFKNCN algorithm is tested using
multiple datasets in UCI and KEEL, and compared with KNN, KNCN, LMKNCN, FKNN, FKNCN2 and BMFKNCN.The
experimental results show that the classification performance of MRFKNCN algorithm is significantly better than the other
six comparison algorithms, the average accuracy can be improved by up to 4.68 percentage points.
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Fig.1 Procedure of MRFKNCN algorithm
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Arrhythmia 452 3 279 74
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Iris 150 3 4 3 30
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Table 4 Average accuracy of MRFKNCN and

FKNCN algorithms %
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Iris 92.35 93.57 96.83
Vehicle 71.78 71.02 74.94
Wine 83.54 84.49 87.18
Letter 93.35 93.88 96.21
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Fig.2 Comparison of average accuracy of three algorithms
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Table 5 Average accuracy of MRFKNCN and other six algorithms under optimal k value %

Hedh 4 KNN#E:  KNCNAEE:  LWKNCN##: FKNN#  FKNCN2§E7k  BMFKNCNZE7E  MRFKNCN #ik
Zoo 92.73 94.58 95.46 95.62 97.25 98.57 98.93
Hayes-roth 70.35 71.29 7387 72.93 73.44 74.21 74.52
Ecoli 81.18 82.36 82.93 82.74 83.32 84.29 84.48
Glass 69.85 72.44 74.57 73.13 75.96 74.52 76.35
Sends 88.07 88.36 89.99 88.81 89.25 90.45 92.41
Thyroid 92.54 93.38 93.89 93.23 94.02 94.97 94.03
Balance 81.27 82.02 84.23 83.58 84.35 85.78 86.01
Segment 89.07 89.92 92.85 90.67 91.53 93.33 94.48
Movement 80.26 80.38 82.52 81.81 82.45 83.06 85.98
Arrhythmia 94.26 95.33 96.01 95.54 96.37 96.42 98.05
Multivariate 79.51 79.67 80.46 78.95 80.14 81.79 85.28
-5 UHE R 83.55 84.52 86.07 85.18 86.19 87.03 88.23

#0545 KRN, B K TE Thyroid %5 48 4
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Multivariate i 3 > &5 4E £ 46 4 b (9 ME 5 2 KR £ 7
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RE A2 IR, 30 AT DL 0 A7 ARk (R AIE 412 5 0 D o vl
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Fig.3 Experimental results on the Hayes-roth dataset
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Fig.4 Experimental results on the Ecoli dataset
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Fig.5 Experimental results on the Glass dataset
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Fig.6 . Experimental results on the Sends dataset
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Fig.7 Experimental results on the Movement dataset
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