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Fine—grained image classification based on dual attentions and multi—region detection

Pan Xinchen, Yang Xiaojian, Qin Ling
(Computer Science and Technology , Nanjing University of Technology , Nanjing 211816, China)

Abstract: Effectively detecting discriminative local areas and more accurately extracting fine —grained features of images will help
improve the classification effect of fine—grained images. For this reason, a fine—grained image classification method combining dual
attention mechanism and multi —region detection is proposed. Multi —region detection aims to locate discriminative image regions
through class label learning, and then extract the features of the discriminative local regions through a feature extraction network
and merge them with global features. Similarly, a more precise feature extraction network can extract fine —grained features of an
image. Therefore, by combining the dual attention mechanism and multi—region detection, the proposed method respectively achieves
88.3%, 94.5% and 92.3% accuracy on three public fine—grained image datasets, CUB-200-2011, StanfordCars and FGVC Aircraft.
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