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Fast Image Clustering Based on Convolutional Neural Network and Binary K-means
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Abstract: Visual features used in state-of-the-art image clustering methods lack of independent learning a-
bility, which leads to low image expression ability. Furthermore, the efficiency of traditional clustering
methods is low for large image dataset. So, a fast image clustering method based on convolutional neural
network and binary K-means is proposed in this paper. Firstly, a large-scale convolutional neural network
is employed to learn the intrinsic implications of training images so as to improve the discrimination and
representational power of visual features. Secondly, hashing is applied to map high-dimensional deep fea-
tures into low-dimensional hamming space, and multi-index hash table is used to index the initial centers
so that the nearest center lookup becomes extremely efficient. Finally, image clustering is accomplished
efficiently by binary K-means algorithm. Experimental results on ImageNet-1000 dataset indicate that the
proposed method can effectively enhance the expression ability of image features, increase the image clus-
tering efficiency and has better performance than state-of-the-art methods.
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Fig. 1 [Illustration of the architecture of CNN used for image deep feature extraction
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Fig. 2 Flow chart of fast image clustering based on CNN and Binary K-means
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Fig. 3 Mean average precision comparison of different image features on ImageNet-1000 database
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Fig.4 Mean average precision comparison of different methods on ImageNet-1000 database
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Tab.1 Image clustering times of different methods on ImageNet-1000 database S

Pikos 50/50 50/500 100/100 100/1 000 500/500 500/5 000 1 000/1 000 1 000/10 000
K-means 5.4 20. 3 15.5 71.1 206. 4 1 654.8 709.7 6 085.1
K-medoids 8.1 4.8 17.3 10.9 108. 8 56.7 213.5 109. 4
KDK-means 6.3 6.7 13.4 13.6 68. 2 68. 8 138. 6 141. 3
BK-means 5.7 5.8 12.1 12.4 59.6 60. 3 123.2 124.8
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Tab.2 Comparison of image clustering results for different methods on ImageNet-1000 database

. K-means Spectral Clustering(SC) Affinity Propagation(AP) ~ CNN-+ BK-means
hS MAP/ % Time/s MAP/ % Time/s MAP/ % Time/s MAP/ % Time/s
50/50 31.63 236 35.23 9 681 35.61 436 335 36.82 212

50/500 41.51 848 43.48 21 677 44,56 1425 378 45,77 219

100/100 20. 21 732 22.14 36 758 — 25.16 457
100/1 000 31.74 3 265 33.97 114 042 — — 36. 04 471

500/500 10. 89 10 256 — — — 15. 86 2 367
500/5 000 18. 32 87 625 — — — 21.78 2 439
1 000/1 000 9.23 34 722 — — — — 11.08 4 804

1 000/10 000 14. 42 301 438 — — — 17.23 4926
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Fig. 5 Some sample clustering results of CNN-+BK-means on ImageNet-1000 database
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