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Fine-Grained Image Classification Combining Dual Semantic

Data Augmentation and Target Location
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[ Abstract] Fine-grdinedyimage classification aims to classify ifhages [of the; same basic category into more specific
subcategories. These imagestare characterized by large intra-class differcnees and minor inter-class differences, so the
extraction of local key features is crucial to fine-grained image classification. A fine-grained image classification
algorithm combining dual semantic data augmentation and target.location is proposed.To extract discriminative local key
features, two modules are constructed in the training phas¢ to obtain two types of data at different semantic levels. The
attention learning module is constructed based on Bilinear Attention Pooling(BAP) to obtain local detail information of
the target, and the information gain module is constructed based on Convolutional Block Attention Module(CBAM) to
obtain the important contour of the target. Then the accuracy of the model can be improved in the way of dual semantic
data augmentation.At the same time, a target location module is built in the testing phase to make the model focus on the
overall classification target and further improve“the classification accuracy. The experimental results show that the
proposed model displays a classificationlaccuracy of 89.5% on CUB-200-2011 dataset, 93.6% on FGVC Aircraft dataset
and 94.7% on Stanford Cars dataset, delivering higher performance than benchmark network Inception-V3, Bilinear
Attention Pooling(BAP) feature aggregation method , B-CNN,RA-CNN,MA-CNN and other algorithms.
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Fig.1 Training procedure
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Table 1 Fine-grained image classification datasets
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Table 2 Contribution of module/and their combinations %
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Table 3 Contribution of two kinds of semantic data

and their combinations %
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Table 4 Comparison of classification performance on

CUB-200-2011 dataset %
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Table 5 Comparison of classificationsperformance on

FGVC Aircraft dataset %
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Table 6 Comparison of classification performance on

Stanford Cars dataset %
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