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A Survey on Fine-Grained Image Categorization Using Deep Convolutional Features

LUO Jian-Hao® WU Jian-Xin®

Abstract Fine-grained image categorization is a challenging task in the field of computer vision, which aims to classify sub-categories,
such as different species of birds. Due to the low inter-class but high intra-class variation, traditional categorization algorithms have to
depend on a large amount of annotation information. Recently, with the advances of deep learning, deep convolutional neural networks
have opened up new opportunities for fine-grained recognition. Numerous deep convolutional feature-based algorithms have been
proposed, which advance the development of fine-grained research. In this paper, starting from its definition, we give a brief introduction
to some recent developments in fine-grained categorization. After that, we analyze different algorithms from the strongly supervised
and weakly supervised aspects, and compare their performance on some popular datasets. Finally, we provide a brief summary of these

methods as well as the potential future research directions and their major challenges.
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Table 1  Performance of different algorithms in CUB200-2011!!, where BBox refers to bounding box, Parts means part annotations

Hk BBox(VI1%k) Parts(25) BBox(IiR) Parts(MiR) TR IR HERI (%)
CUB! v v SIFT+BoW+SVM 103
CuUB! v v v v SIFT+BoW+SVM 17.3
POOF!2¢] v v v POOF+SVM 56.8
POOF26! v v v v POOF+SVM 733
Alignment3! v v Fisher+SVM 62.7
Symbioticl®! v v Fisher+SVM 61.0
DeCAF!?! v v Alex-Net+Logistic Regression 61.0
Part R-CNNI43! v v Alex-Net+Fine-Tune+SVM 73.9
Pose Normalized CNN48] v v Alex-Net+Fine-Tune+SVM 75.7
Pose Normalized CNN[8] v v v v Alex-Net+Fine-Tune+SVM 85.4
Two-level Attention>®! Alex-Net 69.7
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Spatial Transformer Net!>! Inception!®!+Flip 84.1
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