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Abstract: Traditional FCM algorithms cluster based on raw data, risking distortion from noise, outliers,
or other disruptions, which can degrade clustering outcomes. To bolster FCM's resilience, this study intro-
duces a fuzzy C-means clustering algorithm that leverages adaptive neighbor information. This concept
hinges on the similarity between data points, treating each point as a potential neighbor to others, albeit
with varying degrees of similarity. By integrating the neighbor information of sample points, labeled Gy,
and that of cluster centers, labeled G, into the standard FCM framework, the algorithm gains additional

insights into data structure. This aids in steering the clustering process and enhances the algorithm's robust-
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ness. Three iterative methods are presented to implement this enhanced clustering model. When com-

pared to leading clustering techniques, our approach demonstrates over a 10% improvement in cluster-

ing efficacy on select benchmark datasets. It undergoes thorough evaluation across different dimen-

sions, including parameter sensitivity, convergence rate, and through ablation studies, confirming its

practicality and efficiency.
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Tab.2 Accuracy values for each algorithm on 8 datasets

Method Tonosphere Jain WBC Air Appendicitis Mammographic ~ Pima WDBC
KM 0.7051 0.7810 0.9606  0.4042 0.8009 0.7316 0.6602 0.8541
FCM 0.7111 0.5898 0.9561 0.3763 0.7925 0.707 2 0.6589 0.8541
FCS 0.709 4 0.5952 0.9561 0.3816 0.7925 0.707 2 0.6589 0.8524
AFKM 0.712 3 0.7802 0.9722 0.4045 0.778 3 0.7620 0.6514 0.6886
RSFKM /,, 0.695 2 0.7668  0.9649 0.4368 0.826 4 0.6751 0.6081 0.8682
RSFKM capped, , 0.6410 0.7400 0.774 4 0.442 3 0.8377 0.7620 0.6510 0.6274
FKPS 0.7105 0.8083 0.9738 0.4159 0.7925 0.6733 0.6454 0.9116
ANFCM 0.863 0 0.9635 0.9751 0.507 2 0.8519 0.771 4 0.7393 0.9244
R3 BEEESITHEL LHNMIE

Tab.3 NMI values for each algorithm on 8 datasets
Method Tonosphere Jain WBC Air Appendicitis  Mammographic ~ Pima WDBC
KM 0.1183 0.3321 0.7436 0.0102 0.174 0 0.014 6 0.0267 0.4223
FCM 0.129 3 0.2837 0.7223 0.0177 0.162 1 0.014 8 0.0317 0.4223
FCS 0.126 4 0.2837 0.7223 0.0179 0.162 1 0.014 8 0.0313 0.4179
AFKM 0.1312 0.3311 0.8068 0.0221 0.158 3 0.008 5 0.0197 0.1140
RSFKM /, 0.114 4 0.3159 0.7651 0.0289 0.2102 0.0234 0.0151 0.4587
RSFKM capped,,  0.167 8 0.0769  0.3609 0.0341 0.2430 0. 000 4 0.0000 0.0000
FKPS 0.1295 0.3811 0.8167 0.0248 0.162 1 0.026 1 0.0372 0.5543
ANFCM 0.4131 0.7614 0.8255 0.06438 0.196 3 0.0259 0.1351 0.5973
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Tab.4 Purity values for each algorithm on 8 datasets
Method Tonosphere Jain WBC Air Appendicitis Mammographic ~ Pima WDBC
KM 0.7051 0.7810 0.9606  0.4206 0.807 5 0.7620 0.6602 0.8541
FCM 0.7111 0.8954  0.9561 0.4270 0.8019 0.7620 0.6589 0.8541
FCS 0.709 4 0.8954  0.9561 0.4242 0.8019 0.7620 0.6589 0.8524
AFKM 0.712 3 0.7938 0.9722 0.4240 0.816 0 0.763 1 0.6577 0.6886
RSFKM /, , 0.695 2 0.7668  0.9649 0.4396 0.826 4 0.7620 0.6510 0.8682
RSFKM capped,,  0.657 6 0.7595  0.7744  0.4454 0.8377 0.7620 0.6510 0.6274
FKPS 0.7105 0.8115 0.9738 0.4387 0.8019 0.7620 0.6641 0.9116
ANFCM 0.8630 0.9635 0.9751 0.507 2 0.8519 0.7714 0.7393 0.9244
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Fig. 3 Experimental results of parameter sensitivity of clustering accuracy to parameters 4, and 4, under fixed a condition
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Fig.4 Experimental results of parameter sensitivity of clustering accuracy to parameters 4, and « under fixed 4, condition
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Fig. 6 Changes in objective function values and clustering performance with iteration steps on 6 datasets
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