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Abstract

subclasses in a fine-grained image, the existing neural network models have some challenges in processing, including

For the characteristics of subtle differences between various subclasses and large differences between same

insufficient feature extraction ability, redundant feature representation, and weak inductive bias ability; therefore, an
enhanced Transformer image classification model is proposed in this study. First, an external attention is employed to
replace the self-attention in the original Transformer model, and the model’s feature extraction ability is enhanced by
capturing the correlation between samples. Second, the feature selection module is introduced to filter differentiating
features and eliminate redundant information to improve feature representation capability. Finally, the multivariate loss is
added to improve the model’s ability to induce bias, differentiate various subclasses, and fuse the same subclasses. The
experimental findings demonstrate that the proposed method’s classification accuracy on three fine-grained image datasets
of CUB-200-2011, Stanford Dogs, and Stanford Cars reaches 89.8% , 90.2%, and 94. 7%, respectively; it is better than
that of numerous mainstream fine-grained image classification approaches.
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Fig. 1 Framework of Vision Transformer
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Table 1 Detailed information of fine-grained image datasets

Dataset Number of subclasses Number of samples on training set Number of samples on test set
CUB-200-2011 200 5994 5794
Stanford Cars 120 8144 8041
Stanford Dogs 196 12000 8580
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Table 2 Ablation experiment analysis of MEA and F'S module

Model
No. Method . Accuracy /%
composition
1) ViT (baseline) SA 85.8
2) VIiT(EA) EA 86.9
3) VIT(FS) SA+FS 86.6
4) VIiT(EAQFS) EA+FS 87.9
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Table 3 Ablation experiment analysis of contrastive loss

No. Method Model composition Accuracy /%
1) ViT (baseline ) SA 85.8
5) ViT(SA&L_CON) SA+L_CON 86.2
4) VIiT(EA&FS) EA+FS 87.9

6) VIT(EAQFS&L_CON) EA+FS+L_CON 88.2
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Table 4 Ablation experiment analysis of distillation loss

Method Model composition Teacher Accuracy /%
ViT(EA&FS&L_CON) EA+FS+L_CON 88.2
TransFC(EA&FS&.L_CON&.L _DIS1) EA+FS+L _CON+L _DIS VGG-16 88.9
TransFC(EA&FS&.L_CON&.L _DIS2) EA+FS+L _CON+L _DIS ResNet-50 89.1
TransFC(EA&FS&L_CON&.L _DIS3) EA+FS+L_CON+L _DIS ResNet-101 89.5
TransFC(EA&.FS&.I._CONR&.L._DIS4) (ours) EA+FS+L_CON+L _DIS DenseNet-121 89.8
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Table 5 Experiment comparison of different weakly supervised

fined-grained image classification methods

Accuracy /%

Method Base model CUB- Stanford  Stanford
200-2011 Dogs Cars
DB ResNet-50 88.6 87.7 94.9
SEF™" ResNet-50 87.3 88.8 94.0
B-CNN™ VGG-16 84.1 91.3
WS-DAN™  Inception V3 89.4 90.0 94.1
ACNet*" VGG-16 87.8 94.3
ACNet"*" ResNet-50 88.1 94.6
MAMC™  ResNet-101  86.5 85. 2 93.0
DVAN'™ VGG-16 79.0 81.5 87.1
RA-CNN"! VGG-19 85.5 87.3 92.5
MC Loss™  ResNet-50 87.3 93.7
viTH SA 85.8 87.2 92.6
TransFC (ours) EA 89.8 90. 2 94.7
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Fig. 5 Visualization of TransFC model on three datasets
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