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Abstract

As the volume of image data increases dramatically, its good organization of image data is crucial for efficient image retrieval.
Clustering is a typical way of organizing image data. However, traditional clustering methods have a difficulty of requiring a user
to provide the number of clusters as a parameter before clustering. In this paper, we discuss an approach for clustering image
data that does not require the parameter. Basically, the proposed approach is based on Cross-Association that finds a structure or
patterns hidden in data using the relationship between individual objects. In order to apply Cross-Association to clustering of
image data, we convert the image data into a graph first. Then, we perform Cross-Association on the graph thus obtained and
interpret the results in the clustering perspective. We also propose the method of hierarchical clustering and the method of outlier
detection based on Cross-Association. By performing a series of experiments, we verify the effectiveness of the proposed
approach. Finally, we discuss the finding of a good value of k used in k-nearest neighbor search and also compare the clustering
results with symmetric and asymmetric ways used in building a graph.
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Fig. 9. Accuracy of clusters.
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