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The Method on Fine-Grained Image Categorization
Using Predicted-Attribute Guided Channel Attention Module

JING Zhuoxun LIU Jianming’
( School of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: The fine—grained image classification task is more challenging than the general image classification task.

Its task usually needs to classify the samples with low inter-class but high intra-class variation. The existing fine—
grained classification methods mainly rely on visual features for classification but human beings can recognize image
categories according to text attribute description. To this end the predicted-attribute guided channel attention mod-—
ule is proposed. The module can insert any convolutional neural network which is intended to make the model to
learn more advanced feature representation. Finally the algorithm proposed in this paper tests on CUB200-2011

dataset. The algorithm achieves 87.1% 82.1% 85.5% when training using Resnet-50 VGG-9 Bilinear-CNN as
backbone network. It can observe a significant improvement in accuracy.

Key words: fine grained image classification; attention n mechanism; attribute prediction



