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Abstract: In this paper, a Two-Phase Clustering (TPC) for the data sets with complex distribution is proposed.
TPC contains two phases. First, the data set is partitioned into some sub-clusters with spherical distribution, and
each clustering center represents all the members of its corresponding cluster. Then, by utilizing the outstanding
clustering performance of the Manifold Evolutionary Clustering (MEC) for acomplex distributed data, the clustering
centers obtained in the first phase are clustered. Finally, based on these two clustering results, the final results are
obtained. This algorithm is based on an improved K-means, and the MEC. Manifold distance is introduced in
evolutionary clustering to make the algorithm competent for the clustering of complex data sets. At the same time,
the novel method reduces the computational cost brought by manifold distance. Experimental results on seven
artificial data sets and seven UCI data sets with different structure show that the novel algorithm has the ability to
identify clusters with simple or complex, convex, or non-convex distribution efficiently, compared with the genetic
algorithm-based clustering, the K-means algorithm, and the manifold evolutionary clustering. Furthermore, TPC
outperforms MEC obviously in terms of computational time.
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Fig.1 Euclidian distance metric cannot reflect the global consistency of the data set
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RGP RO YN AETE SN

=1 S S gk

UCH Ko 2SR . 3¢ 1 4 th T I S0 3 R 1 e 5

Table 1 Data sets used in experiments

Data sets

Number of samples

Number of features

Number of classes

Squarel
Square4
Longl
Spiral
Sizes5
Line-Blobs
Sticks
Iris
Breast
Zoo
German
Pimaindians
Musk
Page

1000
1000
1000
1000
1000
266
512
150
277
101
1000
768
6 598
5473

[y
O@mp')m(.o.l;l\)l\)l\)l\)l\)l\)l\)
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Hedfm A0 Sticks $dm e 2L TPC SRR E W R 58 1 B BUi B B AR B ¥ B 0 100,45 1 I BEE o 1074
352 M B R A AR IR ST 100, FEE AR S 20,38 UER A 0.8, M4 0.1.GAC &1k 45 A AR k3
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Table 2 Performance comparison of three algorithms in solving the artificial data sets A

T2 IFEELERMBN THARE A R RE LLE

Clustering correct ratio (standard deviation)

Data sets TPC GAC KM
Longl 1(0) 0.5140 (1.59E—02) 0.5464 (1.33E—01)
spiral 1(0) 0.5920 (2.30E-03) 0.5927 (4.80E—03)
Lineblobs 1(0) 0.7406 (1.40E—03) 0.7425 (4.58E—02)
Sticks 1(0) 0.7188 (4.90E—03) 0.6895 (3.87E—02)
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(a) Typical clustering results on Longl obtained from three algorithms
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(b) Typical clustering results on Spiral obtained from three algorithms
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(c) Typical clustering results on Lineblobs obtained from three algorithms
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(d) Typical clustering results on Sticks obtained from three algorithms
(d) 3 F 3ot B dls 4 Sticks [y gL RIS 25 L

Fig.4 Typical clustering results of three algorithms on the artificial data sets A
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Table 3 Performance comparison of three algorithms in solving the artificial data sets B
F 3 3 FHVETERM N LEGE B i PERE LA

Clustering correct ratio (standard deviation)

Data sets TPC GAC KM
Squarel 0.9880 (3.36E-16) 0.9900 (7.16E-04) 0.9900 (5.00E-02)
Squared 0.9285 (1.40E-03) 0.9350 (2.10E-03) 0.9350 (9.13E-04)
Sizes5 0.9838 (1.12E-15) 0.9750 (4.30E-03) 0.7744 (1.71E-01)
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(a) Typical clustering results on Squarel obtained from three algorithms
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(b) Typical clustering results on Square4 obtained from three algorithms
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(c) Typical clustering results on Sizes5 obtained from three algorithms
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Fig.5 Typical clustering results of three algorithms on the artificial data sets B
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Table 4 Performance comparison of three algorithms in solving the UCI data sets
T4 3PPEIEATRAR UCK Hdli £ I8 1R i L A

Clustering correct ratio (standard deviation)

Data sets TPC GAC KM
Iris 0.9267 (1.12E-15) 0.8933 (2.60E—03) 0.8116 (1.50E-01)
Breast 0.7076 (0) 0.5471 (1.12E-16) 0.4897 (9.85E-02)
Zoo 0.8614 (0) 0.7619 (3.36E-16) 0.7007 (1.04E—01)
German 0.7000 (1.12E~16) 0.5970 (4.10E-03) 0.5970 (4.49E—16)
Pimaindians 0.6510 (5.61E~16) 0.5287 (7.00E-03) 0.5482 (1.20E—03)
Musk 0.8386 (3.73E-14) 0.5040 (3.67E-03) 0.5150 (6.38E—03)
Page 0.8771 (6.21E-15) 0.8030 (2.44E—03) 0.7312 (5.76E—03)
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Table 5 Performance comparison of three algorithms in the first stage

x5 1HB 3 MEIERTERE L

Data sets Clustering correct ratio (standard deviation) Running time (s)
KM FCM IKM KM FCM IKM
Squarel 0.9889 (2.0E-03) 1(0) 0.9880 (0) 3.428 8 18.765 6.543 4
Square4 0.9281 (3.7E-03) 0.9289 (3.0E-03) 0.9285 (1.4E-03) 34196 16.147 7.390 6
Longl 1 (2.8E-04) 0.9995 (7.6E-04) 1(0) 3.164 6 8.489 6 4.2471
Spiral 1(0) 1(0) 1(0) 3.207 1 18.765 6.702 1
Sizes5 0.9888 (2.3E-03) 0.9891 (2.4E-03) 0.9838 (1.1E-15) 3.369 6 15.951 7.190 6
Line blobs 0.9979 (1.1E-02) 1(0) 1 (0) 1.3425 1.478 4 14718
Sticks 0.9977 (1.6E-02) 1(0) 1(0) 1.8844 29071 2.146 8
Iris 0.9077 (2.6E-02) 0.9038 (1.9E-02) 0.9267 (1.1E-15) 0.803 6 1.2793 1.3412
Breast 0.6763 (4.1E-02) 0.6744 (1.4E-02) 0.7076 (0) 1.2675 1.436 8 2.004 6
Zoo 0.7713 (4.8E-02) 0.7976 (3.5E-02) 0.8614 (0) 1.4734 1.616 8 1.543 4
German 0.6997 (7.41E-04) 0.7000 (1.2E-16) 0.7000 (1.1E-16) 29541 42.64 8 6.978 1
Pimaindians 0.64901 (9.2E-04) 0.651 (5.6E-16) 0.6510 (5.6E-16) 2.786 8 14.017 5.964 0
Musk 0.8017 (2.94E-4) 0.8321 (5.37E-10) 0.8386 (3.73E-14) 203.253 6 1537.665 7 807.190 6
Page 0.8238 (3.29E-6) 0.8569 (6.37 E-16) 0.8771 (6.21 E-15) 168.354 9 1375.682 3 501.368 7
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Table 6 Comparison of computational time of the two algorithms
F 6 WAMEIEMEATIN A LR

Clustering correct ratio Running time (s)
Data sets TPC MEC TPC MEC

Squarel 0.987 2 0.9895 6.543 4 14.740 6
Square4 0.928 5 0.9336 7.390 6 149531
Longl 1 1 4.2471 14.1313
Spiral 1 1 6.702 1 13.584 4
Sizes5 0.9838 0.988 5 7.190 6 15.0156
Line blobs 1 1 14718 22719
Sticks 1 1 2.146 8 4.906 3
Iris 0.907 7 0.901 3 1.3412 1.8256
Breast 0.707 6 0.707 6 2.004 6 2.6809
Zoo 0.8614 0.7921 15434 19828
German 0.700 0 0.700 0 6.978 1 141156
Pimaindians 0.6510 0.6510 5.964 0 21.2509

Musk 0.838 6 807.190 6 —
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Fig.6 Comparison of robustness of three algorithms
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