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An Approach of Hierarchical Image Index Based on Subspace Cluster

XU Hong-li, XU De, LIN En-ai
(School of Computer and Information Technology, Beijing Jiaotong University , Beijing 100044 )

Abstract Nowadays large volumes of data with high dimensionality are being generated in many fields. Many approaches

have been proposed to index high-dimensional datasets for efficient querying. ClusterTree is a new indexing approach

representing clusters generated by any existing clustering approach. Lots of clustering algorithms have been developed, and

in most of them some parameters should be determined manually. The authors propose a new subspace-cluster indexing

algorithm , which based on the improved CLIQUE and avoids bias on any parameters caused by user. Using multi-resolution

property of wavelet transforms to reprocess the distribution curve of samples, the proposed approach can cluster at different

resolution and remain the relation between these clusters to construct hierarchical index. The results of the experiment

confirm that the subspace-cluster algorithm is very applicable and efficient, and show that this hierarchical indexing

structure does well in the content-based image retrieval.
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different size of the dataset
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Fig.2 An example of the Wavelet-CLIMB. The order of

sample images is flower, butterfly, and texture

Ja  TEAFR RN BAREE 4T Wavelet-CLIMB
B, R 55 H T A FEIR BN AR W5 A0 RSB
ISEE TR T 3T 5 [0 4 2 BB IR WA et
K5 ARXNEIEETET Haar /N R Wavelet-CLIMB F35#)

Tab.5 The number of clustering for different size dataset

Bt R KR A %K 0K 1 X 2K 3K
1 000 78 5 3 1
2 000 82 5 3 1
3 000 86 4 3 1
4 000 128 7 2 1
5 000 151 4 2 1

4.2 HEEFERER

CLIQUE KR ERZLEE 1% E MM REH
5 ) BRI A 3 Wavelet-CLIMB 8572 CLIQUE )2k
PSR 7 SCHE I3 0 o B0 3k 0 0 A i 3 Y T 1R %
b o UG T R 2B . K 3 RPN SR
AE H Y S H0 45 2R

100
90

- —a— CIIQUE
10 i —=— Wavelet-CLIMB

1000 2000 3000 4000 5000
LGS NN

3  Wavelet-CLIMB 5 CLIQUE 2R 20 [a] b 4%
Fig.3 The Comparison of the Wavelet-CLIMB with CLIQUE
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Fig.4 The Comparison of the SSClusterTree retrieval

time with R-Tree and KNN
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