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Abstract

To overcome the weakness of k-means in image clustering especially visual image clustering, we
proposed an Ensemble Locality Sensitive Clustering method. It first determined the number of
clusters of dataset, then generated the multiple clustering resolutions based on Exact Euclidean
Locality Sensitive Hashing algorithm, at last, cluster ensemble methods were applied to get final
partition. The experiments on synthetic dataset and image dataset show that new method reaches
the same level with k-means combined with cluster ensemble about clustering accuracy on syn-
thetic data set, and slightly less accuracy on image dataset. But the advantage of new method is its
clustering time is faster than k-means, and it is suitable for incremental clustering. Therefore, En-
semble Locality Sensitive Clustering is a promising clustering method for high dimension image
data.
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Figure 1. k-means clustering result in data set 1
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Table 1. The label of k-means clustering from the first type in data set 1

1 BIRE 15 1 2807 k-means BEBHAIERE

Data point index 1 2 3 4 5] 6 7 8 9 10
Label 1 1 1 1 1 1 1 1 1 1 1
Label 2 2 2 2 2 2 2 2 2 2 2
Label 3 1 1 1 1 1 1 1 1 1 1
Label 4 3 3 3 3 3 3 3 3 3 3
Label 5 3 3 3 3 3 3 3 3 3 3

Table 2. The bucket indices of ELSC algorithm from the first type in data set 1
2 BRE 15 1 280EM ELSC WRid it HER

Data point index 1 2 3 4 5 6 7 8 9 10
Bucket indices 1 59 64 66 64 64 63 61 64 62 61
Bucket indices 2 63 68 68 65 66 66 65 65 63 64
Bucket indices 3 68 74 71 71 71 72 67 71 69 71
Bucket indices 4 69 75 73 72 71 72 71 73 69 70
Bucket indices 5 57 63 60 59 59 62 61 61 57 59
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Figure 3. k-means clustering result in data set 2
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Figure 4. ELSC clustering result in data set 2
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Table 3. The bucket indices of the ELSC algorithm in the second type of images
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Image index i1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
bucket indices 1 42 40 39 36 37 49 39 39 40 40 40 39 41 40 34 42 47 39 40 52
bucket indices 2 5 8 8 10 100 8 9 9 13 8 8 10 9 9 9 9 9 8 8 13
bucket indices 3 24 26 26 26 25 28 27 25 25 26 26 25 26 26 25 26 27 27 26 19

bucket indices 4 % 7 7 9 9 5 7 1 10 9 9 15 9 9 10 8 7 8 8 17
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Figure 5. k-means clustering result in image set 1
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Table 4. The F number of the algorithms in each type of image set 1
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