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Abstract: Aiming at the problems that it was difficult to accurately identify the key information of
fine-grained images, the classification index was relatively simple and the feature utilization was not
sufficient in existing models, we proposed a new f{ine-grained image classification network model. In
the network training step, the model embedded a dual attention network to strengthen the correlation
between middle-level features and depth features. According to the different receptive field sizes of
different layers of the network, the data were trimmed and then spliced into new sample data as the
input for the next layer. The support vector machine classifier was used to take the output results of
middle-level features and depth features together as the final classification index. The experimental
results on three classic datasets CUB-200-2011, Stanford Cars and 102 Category Flower show that the
classification accuracy reaches 89. 56%, 95. 00% and 96. 05% ., respectively. Compared with other
network models, it has better classification accuracy and generalization ability.
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Fig. 1 Convolutional block attention model
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Fig. 5 Overall structure of improved model
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Table 2 Category information and classification of each dataset
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Fig. 6 Ablation experiment results of accuracy and loss values in three datasets
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Table 3 Comparison results of classification accuracy of different network models on three datasets

100

24 HEwh 7
CUB-200-2011 Stanford Cars 102 Category Flower
DFL-CNNH 87.40 93. 80 —
PCA-Net™ 88. 90 94. 30 —
RA-CNNFH 85. 30 92.50 —
CABMN™ 90. 07 91.95 —
Gogul® — — 93. 41
Zhu* — — 94. 42
AR AT 89. 56 95. 00 96. 05
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