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Data Field Based Canonical Correlation Analysis and Its Application to

Image Segmentation

LI Wen-Ping*? YANG Jing! YIN Gui-Sheng® ZHANG Jian-Pei'

Abstract In this paper, for extracting low-dimensional features from multi-dimensional data in data field environment,
we propose a novel method of canonical correlation analysis (CCA) called DFCCA (data field based CCA) by introducing
interactions among data into data correlation solving. The features extracted by DFCCA have better distribution prop-
erties, that is the features corresponding to a data point pair that are far apart from each other gather together in a small
region, but other features corresponding to the pair of data points that are neighboring each other will scatter regularly
around the region. Thanks to these properties, DFCCA has a good capability of frontier identification. Experimental
results on image segmentation demonstrate that the frontiers extracted from complex images by DFCCA hold better
fidelity.
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