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An Automatic Image Annotation Algorithm Using Deep Boltzmann

Machine and Canonical Correlation Analysis

LIU Kai, ZHANG Limin, SUN Yongwei, LIN Xueyuan
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Abstract: An automatic image annotation algorithm is proposed based on deep Boltzmann
machine and canonical correlation analysis, named DBM-CCA. The algorithm utilizes DBM to
transform low-level features of images and labels to sparse high-level abstract concepts, and
builds subspace mapping relations by CCA in order to generate labels. The multiple Bernoulli
distribution is used to fit labels and the Gaussian distribution is used to fit image features in the
process of using DBM to extract high-level features of images and labels. CCA is used to establish
relevant connection among image features and labeling words which form canonical variable
subspace. High-level text features are calculated based on the Mahalanobis distance between
images in canonical variable subspace, and image annotation words are generated by mean-field
inference. Experimental results show that the proposed automatic image annotation method
significantly outperforms both the traditional MBRM and the SML, and the precision ratio and
recall-precision mean ratio are increased by 10% and 5%, respectively, in experiments with
Corel5K image dataset.
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