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Abstract: Mean shift is a hard clustering algorithm. When dealing with uncertain data, it may lead to increased decision-making risks
and reduced clustering accuracy. This paper introduces the shadow sets theory to address the data object classification problem in
three-way clustering, and proposes a three-way mean shift clustering algorithm based on shadow sets. The proposed algorithm uses
class belonging probability to represent the membership degree in the shadow sets. An optimization algorithm is employed to deter-
mine the optimal threshold for dividing the shadow sets, which effectively reduces the uncertainty caused by human intervention.
Subsequently, a three-way clustering approach based on shadow sets membership is developed. The proposed algorithm is evaluated
on 2 artificial datasets and 8 UCI public datasets. Compared to mean shift algorithm, adaptive bandwidth mean shift algorithm
(ABMS) and kernel mean shift algorithm (KMS), the proposed algorithm TKMSSS can not only effectively divide the data, but also

well describe the boundary region of the cluster. In terms of clustering evaluation indexes such as Divers-boding index, silhouette co-
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efficient, accuracy, adjusted index coefficient and homogeneity, TKMSSS achieves better or similar results to the optimal algorithm,

which indicates that the comprehensive clustering performance of TKMSSS is better than that of the comparison algorithms.
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Fig. 3 Experimental results on D2 dataset
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Table 3 Results of evaluation indicator on UCI dataset

BdlEte  TMERE meanshift  ABMS  KMS  TKMSSS || #E%  iFMifEh%  meanshit  ABMS ~ KMS — TKMSSS
DBI 0.637 0.638 0.652 0.622 DBI 3.021 3.021 3.052 2.882
SC 0.511 0.511 0.507 0.535 SC 0.125 0.125 0.124 0.126
Iris ACC 0.860 0.867 0.860 0.881 Pima ACC 0.879 0.879 0.882 0.904
ARI 0.041 0.045 0.041 0.063 ARI 0.120 0.120 0.120 0.134
HOM 0.150 0.185 0.197 0.205 HOM 0.019 0.041 0.019 0.159
DBI 1.296 1.372 1.471 1.180 DBI 1.522 1.510 1.581 1.417
SC 0.194 0.198 0.202 0.213 SC 0.204 0.197 0.192 0.204
Wine ACC 0.887 0.888 0.893 0.901 Vehicle ACC 0.764 0.798 0.748 0.837
ARI 0.001 0.001 0.001 0.006 ARI 0.063 0.061 0.061 0.167
HOM 0.094 0.094 0.105 0.258 HOM 0.198 0.186 0.196 0.201
DBI 1.686 1.030 1.041 0.974 DBI 1.419 1.706 1.418 1.402
SC 0.167 0.374 0.347 0.421 SC 0.296 0.305 0.296 0.342
Seeds ACC 0.995 0.990 0.995 1.000 Vote ACC 0.710 0.683 0.713 0.988
ARI 0.003 0.003 0.003 0.154 ARI 0.179 0.191 0.038 0.226
HOM 0.207 0.207 0.027 0.200 HOM 0.155 0.171 0.047 0.174
DBI 0.882 1.279 0.955 0.866 DBI 1.518 1.904 1.518 1.507
SC 0.624 0.360 0.614 0.636 SC 0.268 0.104 0.268 0.257
Liver ACC 0.951 0.817 0.939 0.959 Wrbe ACC 0.944 0.712 0.944 0.968
ARI 0.004 0.003 0.004 0.006 ARI —0.001 —0.001 —0.001 0.180
HOM 0.019 0.041 0.019 0.019 HOM 0.032 0.032 0.032 0.032
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