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Multi-label Scene Classification Based on I2C Distance and Label Dependency
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Abstract Combining improved ML-I2C and the correlation between labels, we proposed a modified multi-label scene
classification method. First, the SURF feature of all images is extracted, and each class is represented with a feature
set. Second, the improved 12C method is adopted to calculate the distance between a query image and each class, getting

a label rank based on the distance. Last, label correlation is used for label prediction according to the label rank. Experi-

ment shows that this method achieves a higher accuracy rate on multi-label scene classification.
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