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Fast t-K-means++ 0.752+0. 159 0.329+0. 064 0.581+0. 048 0. 649+0. 054 0.242+0.010 0. 383+0. 000
Ann 0.873+0. 679 0.403+0. 030 0.583+0.015 0.661+0. 038 0.252+0. 008 0.378+0. 001
Exp-ns 0.806+0. 141 0.415+0.017 0. 585+0. 049 0.652+0. 025 0.250+0. 008 0.379+0. 001
Ball-K-means 0.812+0. 146 0.419+0. 024 0.581+0. 043 0. 666+0. 052 0.250+0. 013 0.379+0. 001
EK-means 0.911+0. 087 0. 423+0. 026 0.616+0. 041 0.671+0. 019 0.256+0. 009 0.418+0. 002
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Table 5 Real datasets clustering NMI comparison
NMI
Wine Libras Segmentation PenDigits Letter Accelerometer
K-means 0. 624+0. 166 0. 164+0. 049 0.520+0. 084 0.534+0. 040 0.297+0. 012 0.036+0. 001
K-means++ 0.467+0. 160 0.378+0. 040 0.579+0. 018 0.612+0. 032 0.316+0. 009 0.038+0. 001
K-mediods 0.553+0. 187 0.485+0. 039 0.552+0. 064 0.570+0. 033 0.294+0. 026 0.038+0. 001
KMOR 0. 683+0. 138 0.549+0.017 0.625+0. 023 0. 665+0. 011 0. 333+0. 008 0. 083+0. 001
NK-means 0.674+0. 120 0.530+0. 026 0. 637+0. 016 0. 647+0. 035 0.349+0. 005
Fast t-K-means++ 0. 550+0. 169 0.397+0. 085 0.577+0.018 0. 620+0. 032 0.315+0. 016 0. 030+0. 000
Ann 0.679+0. 107 0.524+0. 027 0.586+0.015 0.627+0.018 0.336+0. 008 0.037+0. 001
Exp-ns 0. 600+0. 145 0.538+0.019 0.589+0.016 0.628+0.014 0.338+0. 003 0.037+0. 001
Ball-K-means 0.613+0. 157 0.537+0.016 0.588+0.011 0. 635+0. 023 0. 339+0. 006 0.037+0. 001
EK-means 0. 764+0. 099 0.556+0. 018 0.601+0. 009 0.659+0.016 0. 354+0. 005 0.071+0. 001
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Figure 5 Efficiency of EK-means on real datasets
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Table 6 Clustering ACC comparison of datasets with different proportions of outliers
ACC
Bk Wine Libras Segmentation PenDigits
0 5% 10% 0 5% 10% 0 5% 10% 0 5% 10%
K-means 0.944 0.777 0.698 0.405 0.170 0.172 0.584 0.538 0.524 0.660 0.644 0.539
K-means++ 0.950 0.883 0.789 0.434 0.380 0.320 0.607 0.598 0.589 0.674 0.665 0.579
K-mediods 0.958 0.806 0.798 0.400 0.410 0.380 0.589 0.602 0.568 0.597 0.596 0.587
KMOR 0.910 0.773 0.832 0.436 0.370 0.410 0.547 0. 655 0.570 0. 660 0. 605 0. 669
NK-means 0.954 0.918 0.856 0.422 0.415 0.400 0.585 0.610 0.602 0.705 0.665 0. 645
Fast t-K-means++ 0.949 0.915 0.874 0.438 0.440 0.340 0.580 0.584 0.581 0.706 0.690 0.588
Ann 0.947 0.901 0.810 0.420 0.390 0.405 0.565 0. 595 0. 583 0. 680 0. 647 0. 652
Exp-ns 0.948 0.918 0.806 0.423 0.395 0.420 0.570 0.612 0.585 0.685 0.652 0. 605
Ball-K-means 0.947 0.908 0.843 0.423 0.402 0.425 0.585 0.614 0.581 0.681 0.652 0. 607
EK-means 0.969 0.923 0.891 0.421 0.422 0.426 0.662 0.641 0.641 0.688 0.663 0. 672
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Efficient K-means with Region Segment and Outlier Detection

YIN Hongwei'?, HANG Yuqing"*>, HU Wenjun'"’

(1. College of Information Engineering, Huzhou University, Huzhou 313000, China; 2. Zhejiang Key Laboratory of Smart Management
& Application of Modern Agricultural Resources, Huzhou University, Huzhou 313000, China)

Abstract. In the traditional K-means and many improved algorithms, the inability to explicitly handle outliers, re-
sulted in their poor clustering performance. To solve this problem, in this paper, an efficient K-means with region
segment and outlier detection was proposed. Firstly, to obtain better clustering results, an unified clustering model
to form an interactive collaboration between outlier detection and clustering was constructed. Secondly, to improve
algorithm efficiency, clusters were adaptively segmented through near neighbor clusters search to reduce redundant
calculations. Finally, on synthetic datasets and real datasets were tested to verify the effectiveness of the proposed
method. The experimental results showed that EK-means algorithm outperformed other algorithms in terms of cluste-
ring performance and execution efficiency. The ACC could reach 0.911 in the Wine dataset.

Keywords: clustering; K-means; outlier detection; region segment; near neighbor clusters search; adaption



