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Abstract

This paper proposes a new clustering objective function with information entropy, which is com-
posed of entropy rate of random path based on graph theory and balance item. Entropy rate is
conducive to compact and uniform clustering, the balance function encourages objects with high
similarity to cluster, and punishes those objects with low similarity. First, the weighted undirected
graph associated with data is constructed, and it is found that this structure induces a matroid, a
combination of the structure of linear independent concept in vector space. Then, the model of
which is maximizing a submodular function under the constraints of the matroid is obtained. Fi-
nally, according to the monotonicity, increment and submodular of the objective function, an effi-
cient greedy algorithm is developed and its performance guarantee is discussed.
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Figure 1. The image comes from the natural scene recognition dataset [15]. From left to right, the image is coast, forest,
highway, inner city, mountains, open country, streets and tall buildings. Because of different imaging conditions, the same
kind of image shows a great change place and season
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Table 1. Clustering performance comparison: clustering accuracy

1 RAMBELE: REEE

Kl EWIRES ncut AP k-means cpmmc
lonosphere 92.54 83.19 70.94 70.00 75.48
Letters 94.44 94.28 91.83 93.38 95.02
Sattellite 98.50 97.50 62.30 94.10 98.79
Digits 0689 97.34 91.83 90.31 78.46 96.74
Digits 1279 98.23 91.70 85.51 89.32 94.52
Breast Cancers 95.78 92.09 93.32 91.04 nfa
Iris 93.01 86.67 86.00 83.33 n/a
Wine 96.63 98.31 93.82 96.63 n/a
Glass 50.98 55.41 40.19 45.33 n/a
Movement Libras 52.98 50.83 46.94 44.44 n/a
Natural Scenes 47.45 56.36 43.64 47.70 n/a
MPEG-7 Shapes 73.56 71.64 69.14 n/a n/a
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Table 2. Clustering performance comparison: clustering index

2 RRAMBELLE: RBIEH

Kt BTk ncut AP k-means cpmmc
lonosphere 0.87 0.72 0.59 0.58 0.65
Letters 0.89 0.89 0.85 0.88 0.92
Sattellite 0.98 0.95 0.53 0.89 0.97
Digits 0689 0.99 0.93 0.92 0.87 0.97
Digits 1279 0.95 0.92 0.87 0.90 0.96
Breast Cancers 0.86 0.85 0.88 0.84 n/a
Iris 0.92 0.86 0.85 0.83 nla
Wine 0.97 0.98 0.92 0.95 n/a
Glass 0.72 0.70 0.66 0.70 n/a
Movement Libras 091 0.92 091 0.91 nla
Natural Scenes 0.80 0.84 0.81 0.83 n/a
MPEG-7 Shapes 0.98 0.99 0.99 nla nla
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