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Abstract: Aiming at the problem that traditional spectral clustering-based subspace clustering methods
were prone to outlier interference and thus show degraded clustering performance when there were
outliers in high-dimensional data, we proposed an active block diagonal subspace clustering method
based on automatic weighting. The method first assigned a corresponding weight to each data point,
identified outliers in the data through weight differences, then actively reduced its contribution in the
representation matrix to construct a better representation matrix and improved the clustering
performance of the model. Experimental results on 10 datasets compared with 8 algorithms show that
the average clustering accuracy, normalized mutual information, and adjusted Rand index of the
proposed method are generally better than the comparison algorithms on datasets with 10% or 20%
outliers. It performs the best or ranks in the top three on more than half of the datasets in general

clustering tasks. Therefore, the method can not only efficiently handle high-dimensional data
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clustering with outliers, but also maintain competitiveness in general clustering tasks, providing an
effective solution to enhance the robustness of high-dimensional data clustering and having high
practical application value.

Keywords: subspace clustering; outliers; automatic weighting; block diagonal method
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Fig. 1 Flow chart of spectral clustering
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Table 1 Information of experimental dataset
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S1500 1595 20 12 Jaffe 213 676 10
D50 1595 50 13 Yale 165 1024 15
Iris 150 4 3 ORL 400 1024 20
Yeast 1484 1470 10 COIL20 1 440 1024 20
Dig 1797 64 10 Isolet5 1559 617 26
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Fig.2 Weights of ORL dataset after adding different proportions of outliers
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Table 2 ACC results for clustering tasks with outliers by different algorithms %
G 1) SSC LRR LSR BDR RSEC HWLRR SSRSC NSC ABDR
Dig 10 9.33 8. 64 11. 46 8. 86 11. 31 8. 86 9. 87 8. 40 14. 34
20 4. 86 3.77 13.37 7.14 12.65 7.14 5.45 9.52 15.52
ORL 10 31.88 48. 39 48.91 4. 09 19. 49 22.65 45. 31 26.52 57.82
20 23.07 34. 80 35.24 4.58 16. 82 21.23 35.57 25.43 42.68
Yale 10 7.73 24.25 31.49 7.73 34.56 39. 86 38. 48 39.59 44. 45
20 8.08 16. 74 23.16 8.08 31.72 34,37 27.85 30.76 42.95
S1500 10 10. 06 8.39 12. 80 8. 84 11.48 12.07 9. 30 11.59 14.56
20 5.56 7.48 13. 54 8.15 7.37 9.93 5.75 7.00 15. 45
Jaffe 10 49.10 45. 17 45.02 10. 26 44.98 65.75 42. 48 43.76 70. 69
20 27.65 26.98 25.98 9. 80 26.12 61.43 31.53 26. 86 68. 24
D50 10 8.83 12. 84 14.55 8.83 16. 27 8.83 10. 16 12.41 18.77
20 8.15 8. 88 14.71 8.15 17. 81 8.15 6.04 7.72 18. 66
Iris 10 27.82 18. 06 16. 85 30.91 23.33 22.21 30.91 19. 45 68. 33
20 16. 28 12.92 16. 28 28.33 24.78 17.00 28.33 17.69 65.72
Yeast 10 25.67 12.59 9.82 25.67 13. 45 14. 60 9. 30 5. 10 25.67
20 21.18 9.46 7.34 21.18 12.28 21.18 7.06 3.39 21.18
Isolets 10 8.78 7.91 7.99 3.53 7.87 3.53 12.71 10.52 23.06
20 8.72 7.89 7.85 3.53 7.98 3.53 12.02 10. 47 22.94
COIL20 10 4.73 16.91 17.35 4.73 16. 88 4.73 15. 87 18. 34 34. 87
20 4.46 9.59 9. 84 4. 46 9.59 4.46 9.69 13. 84 33.10
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Table 3 NMI results for clustering tasks with outliers by different algorithms %
K e 151 SSC LRR LSR BDR RSEC HWLRR SSRSC NSC ABDR
Dig 10 59. 47 47.77 60. 68 12.43 60. 73 12. 43 48. 75 38.10 63.63
20 53.67 43. 44 62.23 17.76 62. 87 17.76 45.95 43.21 65.00
ORL 10 64. 39 80. 21 80. 58 31. 88 47.93 59. 85 76.63 54. 60 83.02
20 64. 87 76.17 76.13 38.97 56.22 64. 66 73.50 56. 82 77.72
Yale 10 29.50 47.76 53. 36 29.50 58.95 62. 24 60. 43 61.68 62.22
20 37.03 41.01 55. 04 37.03 66.09 65.69 61.95 65. 30 67. 24
S1500 10 59.72 42. 88 43.00 16.79 57. 44 63. 87 59. 64 64.05 64.13
20 55. 04 45.18 46. 88 24.57 44,04 65.49 59. 54 62.71 65. 82
Jaffe 10 79. 68 77.11 78.16 22.57 76.69 81.09 63.63 76.52 85. 60
20 70.71 70.03 69. 82 30. 17 69. 89 82. 39 67.91 71.16 85.75
D50 10 16.78 55. 77 56. 54 16.78 64. 64 16. 78 55.29 57.77 68. 40
20 23.65 51.25 57.10 23.65 65.75 23.65 52.04 53.81 68.73
Iris 10 53.06 36.47 32.88 12.65 43.19 56.67 12.65 25.10 70. 26
20 50.72 41.71 36.74 18.99 46.70 58.25 18.99 35.59 75.06
Yeast 10 10. 83 30.50 30. 34 10. 83 27.08 33.34 29. 84 28.90 35.97
20 15.63 42.96 40.62 15.63 37.35 15.63 31.91 36. 36 46. 05
Isolets 10 56.53 52.19 52. 86 27.27 52. 80 27.27 61.00 57.61 67.75
20 56. 34 52.74 52.82 27.27 52.69 27.27 60. 25 57.69 67.70
COIL20 10 18.69 66. 56 67. 80 18.69 67.18 18.69 63.49 69. 05 76.67
20 26. 64 62.23 62.18 26. 64 61.95 26. 64 59. 94 67.03 78.10
R4 TRAHEENABEESRLESHARIER
Table 4 ARI results for clustering tasks with outliers by different algorithms %

. BIHE R R : :
I 4] SSC LRR LSR BDR RSEC HWLRR SSRSC NSC ABDR
Dig 10 87. 46 67.19 83. 17 17.91 82.77 17.91 69. 81 49. 84 90. 05
20 79. 94 47,94 80. 35 23.79 80. 42 23.79 59. 44 39.82 88. 30
ORL 10 49.51 74.20 74.92 20.23 30.41 32.47 67.33 34.77 75.75
20 47,94 71.33 71.24 26. 88 36.11 33.02 66.73 37.09 68. 20
Yale 10 22.65 35.99 43. 34 22.65 53.26 52.54 55.03 54.59 56. 33
20 29.29 35.71 44.57 29.29 60. 23 57.32 55. 83 53.48 59. 34
S1500 10 83.28 52.55 51.27 18. 42 78.01 82. 85 83.59 85. 24 84. 86
20 76. 94 41. 44 47.07 25.24 55.10 79. 48 78.29 80. 06 83. 87
Jaffe 10 89. 96 86.67 88. 44 22.22 86. 37 85. 68 71.32 85. 90 90. 72
20 82.45 81.73 81. 45 28.63 81.61 83. 96 76. 84 79.78 89. 86
D50 10 18. 46 72.73 72. 88 18. 46 85. 86 18. 46 74.68 72.99 91.07
20 25.27 53.59 64.57 25.27 81.61 25.27 65. 47 56.42 88.92
Iris 10 80. 94 62.67 61.15 40. 61 70.06 86. 88 40. 61 55. 24 72.06
20 76.67 62.70 54. 39 45.56 65. 83 82. 33 45. 56 53.42 82. 33
Yeast 10 34. 80 51. 87 48. 68 34. 80 38.68 46.08 55.08 51.61 58. 44
20 37.81 54. 31 51. 34 37.81 42. 84 37.81 53. 66 49. 56 61.26
Isolet5 10 56.42 51.72 52.08 21.18 51.82 21.18 63. 36 44. 31 67.60
20 56. 40 51.77 52.07 21.18 51.65 21.18 62. 64 44. 40 67.50
COIL20 10 14. 84 78.62 80. 79 14. 84 79.82 14. 84 73.48 77.28 88.07
20 21.93 76. 39 76.50 21.93 76.17 21.93 71.42 69. 60 89. 33
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X TR EAL 55, ASCHEEANA RIFRETERE. £ 5 51 7 ABDR 5 8 Fxf I3 78 Dig,
COIL20,Jaffe,Isolet5 45 10 MR F iy ACC,NMI, ARI S2I 4550, iz 5 ol W, 76 # it 50 % %
PE4E I, ABDR B340 TR B R MERE . R4S ABDR 87850 B 45 F i REHE & IF IR —. (1
HYERE AL R ET =, RUIME R —Fh F25 M4 7E, ABDR 83 A REA S0 315 A 55 B 5 0 B8, T B
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Table S Experimental results of ACC, NMI and ARI for general clustering tasks by different algorithms %

. e g RS
K g R SSC LRR LSR BDR RSEC HWLRR SSRSC NSC ABDR
Dig ACC 70. 84 63.21 76.39 73.50 71.13 80.02 62.74 77. 38 81.02
NMI 70. 32 69. 00 70. 62 65.91 68.50 83. 46 66.21 82.85 74.28
ARI 75.20 75.92 76.39 74.28 72.07 80. 02 64.72 83.81 81.02
ORL ACC 71.16 69.71 68.53 59.93 76.13 71.88 81.18 64. 28 81. 64
NMI 87.46 83.69 83. 36 75.36 46.99 89. 29 90. 69 71.67 90. 72
ARI 75.99 72.05 71.41 63.25 69.03 76.08 83. 25 78.05 83. 34
Yale ACC 43. 67 25.67 37.55 45.79 44.76 55.76 58. 97 55.79 59.73
NMI 50. 27 33.66 42.42 51.07 49. 40 58. 46 60. 35 59.39 58. 57
ARI 46.73 26. 88 38.61 46. 97 46.12 56.97 59.58 56. 67 59. 85
S1500 ACC 60. 97 58.23 72.56 71.09 31.06 67.13 78.73 88.70 78. 14
NMI 78.90 59. 89 77. 44 75.09 77.04 77.72 82.90 88. 96 82.94
ARI 81.94 66. 30 79.76 74.54 77.40 77.35 85.18 89. 38 82.22
Jaffe ACC 90. 18 91.03 90. 18 90. 48 90. 12 91.46 93.59 95. 80 96. 71
NMI 94. 35 85. 45 95.59 91. 14 91.70 90. 84 92.68 90. 11 95. 64
ARI 90. 18 86.92 90. 18 92. 30 91.15 91.78 96.41 90. 80 96. 71
D50 ACC 74.71 57.27 86.42 65.77 73.08 80. 29 94.17 83.63 90. 42
NMI 73.05 56.63 84.59 66. 00 70.07 84.18 95.21 91.76 90. 89
ARI 83.11 60. 70 89. 96 69. 57 28. 80 88. 10 97.93 86.63 94. 60
Iris ACC 66. 35 78. 64 78.10 88. 67 73.33 86. 34 78.67 90. 67 88. 67
NMI 31.18 58. 98 58. 98 76.18 64.05 73.77 59.45 80. 57 76.18
ARI 66.52 78.45 78.68 88. 67 73.33 86. 05 78.67 90. 67 88. 67
Yeast ACC 34.48 30.77 33.69 34.25 34.76 25. 24 34. 80 31.20 35.40
NMI 24. 80 14.16 13.03 10. 36 24.73 12.18 25.20 17.13 26. 82
ARI 51.96 38.26 35.23 37.73 52.00 40. 57 52.57 31.20 54. 44
Isolets ACC 41. 74 24.23 40. 13 23. 30 29. 65 23.91 47.23 23.85 56. 81
NMI 67.56 24. 89 45. 84 24.93 67.81 63. 30 62.73 68. 98 72.29
ARI 53.32 25.51 41. 84 35.92 40. 14 45. 45 49. 31 43. 85 59. 87
COIL20 ACC 63.70 53.74 49. 81 59.13 55.12 65.07 68. 26 49. 38 68. 56
NMI 58.58 57.26 48.52 49.51 60. 65 62.66 70.19 67. 36 77.63
ARI 60. 92 46.03 42. 89 51. 14 60. 00 66. 32 73.90 54.90 69. 71
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Fig.3 Comparison results of average running time of nine algorithms on ten datasets
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Fig. 4 Iteration function values of ADBR algorithm changing with number of iterations on two datasets
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Fig. 5 Clustering performance of ADBR model changing with different parameters on ORL dataset
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