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Study on Fine-grained Image Classification Based on ConvNeXt Heatmap Localization and
Contrastive Learning

ZHENG Shijie and WANG Gaocai

School of Computer and Electronic Information, Guangxi University, Nanning 530004 , China

Abstract Aiming at the challenges of high intra-class disparity and low inter-class disparity in fine-grained image classification,
a multi-branch fine-grained image classification method based on ConvNeXt network and using GradCAM heatmap for cropping
and attention erasure is proposed. This method uses GradCAM to obtain the attention heatmap of the network through gradient
reflow,locates the region with discriminative features,crops and enlarges the region,and makes the network focus on local deeper
features. At the same time. supervised contrastive learning is introduced to expand between-class differences and reduce intra-
class differences. Finally,a heatmap attention erasure operation is performed to enable the network to focus on other regions use-
ful for classification while focusing on the most discriminative features. The proposed method achieves 91. 8% ,94. 9% ,94. 0%,
and 94.4% classification accuracy on CUB-200-2011, Stanford Cars, FGVC Aircraft, and Stanford Dogs datasets, respectively,
which is better than many mainstream fine-grained image classification methods. And this method achieves top-3 and top-1 classi-
fication accuracy on the CUB-200-2011 and Stanford Dogs datasets,respectively.

Keywords Fine-grained image classification, Attention, Supervised contrastive learning, Heatmap . Multi-branch
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Fig. 1 High within-class and low between-class variance
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Table 1 Dataset introduction
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Table 2 Branch ablation experiments on CUB-200-2011
Raw  Crop Sup Drop Ace/ %
L1 v 90. 6
E 2 N/ N, 91.4(+0.8
Ex 3 / / / 91.6(+1.0)
L x4 N N V N 91.8(+1.2)
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Table 3 Branch ablation experiments on Stanford Cars

Raw  Crop  Sup  Drop Ace/ %
L1 N 93.2
S5 2 J J 94.3(+1.1)
L 3 NG NG N 94.6(+1.4)
L4 N N/ N/ N 94.9(+1.7)
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Table 4 Crop parameter p ablation experiment

7" 1.6 1.7 1.8 L9 2.0 2.1
Ace/% 91.5 91.8 91.7 91.6 91.5 91.4
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Table 5 Logical output selection ablation experiment
Raw Logit  Crop Logit Ace/%
L1 NG 91.6(+1.0)
Lk 2 NG 91.5(+0.9
L3 N N 91.8(+1.2)

4.4 HEIE
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Table 6 Comparative experiment on Stanford Cars

Method Backbone Ace/%
WS-DANL?] RestNet-50 94.5
TransFGL27] Vit-B_16 94. 8
SEB+ Eff-Net-B5[28] EfficientNet 94.6
Vitl19] Vit-B_16 93.7
ConvNeXtH9] ConvNeXt-S 93.2
(ours) ConvNeXt-S 94.9

F# 7 CUB-200-2011 M4 b 5286
Table 7 Comparative experiment on CUB-200-2011

Method Backbone Ace/%
MMALL ResNet-50 89.6
TransFGL27] Vit-B_16 91.7
AFTransl7] Vit-B_16 91.5
RAMSLS] Vit-B_16 91.3
Vitl19] Vit-B_16 90. 2
ConvNeXtH9] ConvNeXt_S 90. 6
(ours) ConvNeXt_S 91.8

2 8 FGVC-Aircraft | X} 5256

Table 8 Comparative experiment on FGVC-Aircraft

Method Backbone Acc/ %
M-Granularity-29. ResNet-50 93.8
API-Net!30] DenseNet-161 93.9
CALU ResNet-50 94. 2
Vit-SACL32) Vit-B_16 93.1
Vitl19] Vit-B_16 92.1
ConvNeXtL9] ConvNeXt-S 91.9
(ours) ConvNeXt-S 94.0

29 Stanford Dogs [ F X b 3256

Table 9 Comparative experiment on Stanford Dogs

Method Backbone Ace/ %
API-Netl30] DenseNet-161 90. 3
FEVT33] Vit-B_16 91.5
TransFGL27) Vit-B_16 92.3
WS_DAN-SACE32] Vit-B_16 93.1
Vigl19) Vit-B_16 91.7
ConvNeXtL9] ConvNeXt-S 93.4
(ours) ConvNeXt-S 94.4
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