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Review on Fine-Grained Image Classification with Noise Labels
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ABSTRACT: A review of classification methods of fine-grained images with noise labels was
conducted. Firstly, based on the definition of fine-grained image classification problems and the
classification of method types, the problems of noise labels were described, as well as the sourc—
es of label noise were summarized. Then, label noise was classified from the perspectives of in—
fluence factor dependency and instance dependency, and the impact of label noise on fine—grained
image classification was analyzed. Furthermore, the progress of fine—grained image classification

was discussed from two dimensions: explicit noise model based methods and implicit noise model

based methods. Thereby, future noteworthy research topics were proposed.
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