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Image Annotation Based on Topic Fusion and Frequent Patterns Mining
ZHANG Lei CAI Ming
(College of Internet of Things Engineering,Jiangnan University, Wuxi,Jiangsu 214122, China)
Abstract In order to reduce the “semantic gap”.based on the LDA topic model.an image annotation approach which

uses topics fusion and association rule mining was proposed. First,to solve the problem of low correlation between visual
and text information, the vector machine-based multi-category classification is introduced to obtain the category infor-
mation of the image. Then,the text topic distribution of the image class is calculated by the semantic topic distribution
and classification information of the text modality. The unknown image weights the text topic distribution of its class
and its visual topic distribution,and calculates the initial label set using this probability model. Finally, based on the
probability of initial label words,the association rules mining and inter-word correlation are used to mine the text rele-

vance to obtain precise semantic annotation. The comparative experiments were carried out on the Corel5K image data-
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set. The experimental results show the effectiveness of the proposed method.
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Fig.1 Probabilistic graphical model of LDA model
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Table 1 Symbols and their meanings in Fig. 1
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Table 2 Performance comparison of image annotation
Model CMRM CRM  PLSA-FUSION PLSA-GMM PLSA-GMMVS & X # A&
# words with recall>0 66 107 112 104 108 131
Result on 49 best words
Mean per-word Recall 0.48 0.70 0.76 0.67 0.72 0.98
Mean per-word Precision 0. 40 0.59 0.65 0.52 0.55 0.71
F-value 0.436 0. 64 0.70 0.58 0.62 0.82
Result on all 260 words
Mean per-word Recall 0.09 0.19 0.22 0.18 0.21 0.35
Mean per-word Precision 0.10 0.16 0.19 0.15 0. 20 0.22
F-value 0.095 0.174 0. 204 0.163 0. 204 0.270
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Table 3

Annotation results comparison
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field, horses, mare, foals

tree, garden, house, mare, foal

foals, horsesmare, fence, tree

mountain, water, sky, clouds

mountain, clouds, boat,

water, reflection, boat cloud,

coast, hut mountain
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