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Abstract: Image automatic annotation is a significant and challenging problem in pattern recognition and computer vision
areas. At present, most existing image annotation models are influenced by semantic gap problem. This paper proposed a new
image automatic annotation refinement method based on keyword co-occurrence to overcome above problem, which used the
correlations between keywords in dataset to improve image annotation result. However, above method did not reflect the
generalized knowledge of people and easy influenced by the size of dataset. Aiming at above problem, it proposed a new image
automatic annotation refinement method based on semantic similarity to overcome above problem. This method used semantic
dictionary WordNet to calculate the correlations between keywords and improve the image annotation results. Experimental
results conduct on Corel 5K datasets verify the effectiveness of proposed image annotation method. The proposed automatic

image annotation model improves the annotation results on all evaluation methods.
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