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Wang Sen, Liu Qingyang, Zhan Xiaoqin, Chen Lian
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Abstract: K-Means is a widely used and efficient unsupervised clustering algorithm. Studies have shown that when
dealing with high-dimensional or non-spherical data sets, the K-Means algorithm has significant limitations in
determining the number of clusters and selecting the initial centroids. In order to deeply explore and optimize the
initial centroid selection mechanism and cluster number determination problem of the K-Means algorithm, A K-
Means algorithm based on knowledge-induced driving useless centers is proposed. The algorithm first introduces a
high-density knowledge point detection mechanism, and constructs a candidate centroid set by identifying high-
density knowledge points in the data set; then the optimal number of clusters is derived based on the Gaussian
mixture model theory; then the useless center screening strategy is used to optimize the candidate centroids and
finally determine the optimal initial centroid set. Comparative experiments on the UCI standard dataset and artificial
synthetic dataset show that the clustering performance of the proposed optimization algorithm is generally better
than that of the other comparison algorithms. The algorithm effectively solves the clustering problem of non-
spherical data distribution and shows relatively superior clustering performance in complex data structure scenarios.
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centers
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Fig. 4 The comparison of cluster results of 4 algorithms in Aggregation
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Fig. 5 The comparison of cluster results of 4 algorithms in Circle
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Fig. 6 The comparison of cluster results of 4 algorithms in Square
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Fig. 7 The comparison of cluster results of 4 algorithms in WDBC
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Fig. 8 The comparison of cluster results of 4 algorithms in Seeds
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Fig. 10 Experimental diagram of the ablation of the Seeds dataset by cluster number
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Fig. 13 Ablation experiment diagram of the constraints algorithm on the Banknote dataset
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Tab. 1 The Comparison of evaluation indicators of 6 algorithms in 5 datasets
Datasets Algorithms AMI ARI FMI SIC DBI TIME(s)
K-Means 0.8735 0.8081 0.8503 0.5025 0.7110 0.0717
GMM 0.9571 0.9286 0.9447 0.5005 0.6211 0.4527
Aggregation ~ K-Means++ 0.8823 0.8124 0.8521 0.5205 0.6368 0.0817
KA-KIDUC 1.0000 1.0000 1.0000 1.0000 0.5722 0.3651
K-Means 0.5726 0.5622 0.7505 0.4828 0.6329 0.1764
GMM 0.5745 0.3864 0.6218 0.4560 0.7987 0.6562
Circle K-Means++ 0.7247 0.6948 0.8336 0.4552 0.8070 0.5682
KA-KIDUC 0.7790 0.7664 0.7722 0.8102 0.6562 9.5668
K-Means 0.9094 0.9425 0.9544 0.6028 0.5118 0.1904
GMM 0.9331 0.9551 0.9663 0.5981 0.5109 0.6502
Square K-Means++ 0.9293 0.9525 0.9643 0.6002 0.5077 0.1032
KA-KIDUC 0.9331 0.9551 0.9663 0.6028 0.5114 8.1332
K-Means 0.4640 0.4914 0.7915 0.6973 0.5044 0.2034
GMM 0.5439 0.6607 0.8391 0.4230 09114 0.8208
WDBC K-Means++ 0.4640 0.4914 0.7915 0.9673 0.5044 0.0558
KA-KIDUC 0.5662 0.6521 0.8465 0.6147 0.4065 3.7688
K-Means 0.7695 0.7685 0.8455 0.4838 0.7353 0.5635
GMM 0.8662 0.9020 0.9344 0.4782 0.7296 0.8208
Seeds K-Means++ 0.7709 0.7908 0.8601 0.4314 0.7255 0.2370
KA-KIDUC 0.8005 0.8389 0.8922 0.4708 0.7321 1.8321
K-Means 0.7695 0.7685 0.8455 0.4838 0.7353 0.5635
GMM 0.6734 0.5342 0.7316 0.3080 1.1497 2.0996
Banknote K-Means++ 0.3323 0.2390 0.5087 0.3128 1.0717 0.6793
KA-KIDUC 0.8536 0.9060 0.9538 0.9060 0.9538 8.7602
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Tab. 2 Performance analysis table of the number of clusters for 2 datasets

Datasets  FHRHE AMI ARI FMI SIC DBI TIME(s)
2 0.4957 0.4446 0.6833 0.4771 0.7735 1.9716
3 0.8005 0.8389 0.8922 0.4708 0.7321 1.8321
Seeds 4 0.7301 0.7298 0.8142 0.4327 0.8509 2.2609
5 0.6767 0.6299 0.7429 0.3889 0.9573 2.8515
2 0.8536 0.9060 0.9538 0.9060 0.9538 8.7602
3 0.3719 0.3350 0.6153 0.2215 1.2910 10.8231
Banknote 4 0.6734 0.5324 0.7316 0.3080 1.1497 11.0265
5 0.6056 0.4371 0.6633 0.2762 1.1442 11.1045
R"3 ARFHNAEHBIREN LRSI
Tab. 3 Performance analysis table of constraints for 2 datasets
Datasets B JIELIHR AMI ARI FMI SIC DBI TIME(s)
1 0 0.7724 0.8024 0.8677 0.4844 0.7274 22757
0 1 0.7912 0.8148 0.8761 0.4843 0.7298 2.1083
Seeds 0 0 0.7364 0.7163 0.8115 0.4712 0.7463 1.9985
1 1 0.8105 0.8389 0.8922 0.4708 0.7321 1.8321
1 0 0.7388 0.8326 0.9173 0.8326 0.9173 8.9061
0 1 0.6807 0.7171 0.8594 0.1695 2.0280 9.3560
Banknote 0 0 0.6389 0.6637 0.8333 0.1766 1.8857 9.7221
1 1 0.8536 0.9060 0.9538 0.9060 0.9538 8.7602
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