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Abstract: The large-scale clustering problem of visual features is crucial for image recognition and
retrieval. The state-of-the-art algorithm, the approximate k-means, approximately guarantees the
clustering performance by applying the high-precision approximate search. An improved algorithm was
proposed, which requires no extra memory cost and nearly no extra time consumption. The robust
approximate algorithm can better guarantee its convergence and clustering performance by utilizing more
information in the iteration to update the partition, so that clustering loss is non-increasing and reduced
rapidly. Theoretical proofs guarantee that the algorithm converges to the converged solution of the Lloyd

algorithm, regard less of the precision values of approximate search. The experiment results show that the
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algorithm has about 10 times the speed of the approximate k-means algorithm. Besides, the clustering

performance is also directly verified by comparing the images in the clustering results of global features.

Key words: large-scale clustering; k-means; approximate algorithm
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Fig.4 Compare the time-loss curves of RAKM using

approximate searches with different precisions

D FLANN: http://www. cs. ubc. ca/~mariusm/index. php/FLANN/.
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Fig. 5 Compare the speedups of AKM and RAKM
with respect to Lloyd’s Algorithm
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RAKM and RAKM initialized by HKM
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Fig.7 Show the first and last 10 images close to their

clusters prototypes in the 20 random clusters
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