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Image Annotation Using the Ensemble Learning
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Abstract
In this paper, we formulate image annotation as a supervised learning image classification problem under the region-based
image annotation framework. In region-based image annotation, keywords are usually associated with individual regions

Automatic image annotation is an important but highly challenging problem in semantic-based image retrieval.

in the training data set. This paper presents a novel ensemble fast random rorest algorithm (FRF), which can classify a
large number of training data effectively by bootstrap aggregation (Bagging) algorithm building multiple tree component
classifier. The final result is obtained by component classifier voting. The proposed FRF algorithm is experimented
on image annotation Corel data sets. Compared to classical algorithms, the FRF accelerates the operation speed of the
algorithm, and the classification accuracy remains robust. It has a good application in automatic image annotation system.
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Fig.1 FRF algorithm diagram
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Rl KT Corel BB 5 AU 2 Bl & 70 RFEIEAT S50 HLAL

Table 1  The classification comparison of a variety of classification algorithms based on 5 groups Corel training data
TIRREIL (%) /W1 (s) 225C_T_CT_SP 270C_T-CT_SP 380C_T-CT_SP 1200C_T_-S Corel 5K
C4.5 81.33/0.03 79.25/0.01 76.32/0.04 72.68/0.01 64.00/1.08
SVM 83.56/0.82 79.26/1.12 75.53/4.18 80.93/12.2 49.80/26.1
KNN 72.44/0.01 69.63/0.01 71.58/0.01 80.93/0.01 73.20/0.07
RF 80.89/0.05 76.67/0.02 73.95/0.30 78.48/0.13 33.60/0.01
FRF 83.11/0.01 77.78/0.01 75.73/0.01 80.93/0.07 79.90/3.01
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Fig.5 Classification accuracy comparison of a variety of

classification algorithms based on 5 groups training data
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Fig.6 The classification time comparison of a variety of
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classification algorithms based on 5 groups training data
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Fig.7 The annotation results based on a variety of

classification algorithms
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