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Fine Grained Image Classification Combining Dynamic Adaptive Modulation and Structural
Relationship Learning

WANG Yan-Gen, CHEN Fei, CHEN Quan
(College of Computer and Data Science, Fuzhou University, Fuzhou 35108, China)

Abstract: Due to the small inter-class differences and large intra-class differences of ﬁne-grainéa images, the key to fine-
grained image classification tasks is to find subtle differences between categories. Reeently, Vision Transformer-based
networks mostly focus on mining the most prominent discriminative'region features in images. There are two problems
with this. Firstly, the network ignores mining classification clues from other discriminative regions, which can easily
confuse similar categories. secondly, the structural relationships of images are ignored, resulting in inaccurate extraction
of category features, To solve the above problems, this study proposes two modules: dynamic adaptive modulation and
structural relationshipflearning. The dynamic adaptive modulation module forces the network to search for multiple
discriminative regions, and then the structural relationship learning module is used to construct structural relationships
between discriminative regions. Finally, the graph convolutional network is used to fuse semantic and structural
information to obtain predicted classification results. The proposed method achieves testing accuracy of 92.9% and 93.0%
on the CUB-200-2011 dataset and NA-Birds dataset, respectively, which is superior to existing state-of-the-art networks.
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relationship learning; graph convolutional network (GCN)
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LEAE T BN 0.000 3; JF L3 FH BENLES B T B (SGD)
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2011 $d 45 b Jedlit ik AT T LRI TR A
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F 1 1£ CUB-200-2011 F 4L 15 HAW BT L (%)

8 LGOS TRV AR 22 e DT 27 D KL FEE 3 R 2R CS-Parts
T8 3 D 4 TR 45 SR 1) S5 1) A% 47 R 2 ) A8 TR ) ) XA
TransIFC &1t 7 —FANAR 28 2 BN REAE AR 40 28 Sk il 2
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R 2 {£ NA-Birds $ifa 5 5 AT E IS L (%)

WARES ETF M2 Top- 1K
API-Net"*® DenseNet-161 88.1
CS-Parts”” InceptionV3 88.5
TPSKG"" ViT-B_16 90.1
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TransFG!' . ViTB 16 - 90.8
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CAPP? ¥ Xception 91.0
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AT-CNNP” InceptionV3 87.8
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TransFG!'! ViT-B 16 91.7
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MetaFormer™”! MetaFormer-1 92.3
AL Swin-L 92.9

0% 1 i, #5419 DAMSRL [ Top-1 R AT L
WEF] 92.9%, Ho T HAM 10 FhELA 7532, 755 7k
1, MetaFormer 18] T &4 M SCAAE BAE N, it
Bk VIT (4 VR & 28 SEBL T 1R KA M BE ST SR-
GNN J7 V2 9 B 42 Ja 25 14 ¢ F2 0 4R B 43 2K 6 B B
R S, SR R SR DML 4044 5% 2 R AE A 1T )
R AN [R) AL IR G5 A S T T ARORLFE 73 K 2. T AE
# 2, B AR Y DAMSRL 572 5 NA-Birds ¢
P4 b ek AT T LA, SR I 57 Top-1
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Fid H 1) DAMSRL [ £ 7 1 /S 5005 45 E 35 0] DL 3
FEIT 93% I Top-1 A% &, ¥ i HDRLFE R 52 43 AT 55
TR R A T — AN AR TR T 2.

SE Rk
1 Wah C, Branson S, Welinder P, et al. The caltech-UCSD

Birds-200-2011 dataset. Technical report, Pasadena:

Software TechniquesAlgorithm #fFHi AR F7%: 173

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

2024 4F 533 % 5 8 1

10

11

12

13

California Institute of Technology, 2011.

Khosla A, Jayadevaprakash N, Yao B, ef al. Novel dataset
for fine-grained
Proceedings of the 2011 CVPR Workshop on Fine-grained
Visual Categorization (FGVC): Vol. 2. 2011.

Maji S, Rahtu E, Kannala J, et al. Fine-grained visual
classification of aircraft. arXiv:1306.5151, 2013.

Krause J, Stark M, Deng J, et al. 3D object representations

image categorization: Stanford dogs.

for fine-grained categorization. Proceedings of the 2013
IEEE International
Workshops. Sydney: IEEE, 2013. 554-561.

Huang SL, Xu Z, Tao DC, et al. Part-stacked CNN for fine-
grained visual categorization. Proceedings of the 2016 IEEE

Conference on Computer Vision

Conference on Computer Vision and Pattern Recognition.
Las Vegas: IEEE, 2016. 1173-1182.

Wei XS, Xie CW, Wu JX, et al. Mask-CNN: Localizing
parts and selecting descriptors for fine-grained bird species
categorization. Pattern Recognition, 2018, 76: 704-714. [doi:
10.1016/j.patcog.2017410.002]

PR, LA I TR UL AR E P 1% 5 24T
FLEk. HEMLEER, 2017, 43(8): 1306-1318.

Ge WF, Lin XR, Yu YZ. Weakly supervised complementary
parts models for fine-grained image classification from the
bottom up. Proceedings of the 2019 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Long Beach:
IEEE, 2019. 3029-3038.

Yang SK, Liu S, Yang C, et al. Re-rank coarse classification
with local region enhanced features for fine-grained image
recognition. arXiv:2102.09875, 2021.

Zhou BL, Khosla A, Lapedriza A, et al. Learning deep

features for discriminative localization. Proceedings of the

2016 IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas: IEEE, 2016. 2921-2929. «
Selvaraju RR, Cogswell M, Das A, ef al. Grad-CAM: Visual
explanations from " deep "net\;Norks via gradient-based
localization. Proce‘edi;lgs of the 2017 IEEE International
Conference on Computer Vision. Venice: IEEE, 2017.
618-626.

Dosovitskiy A, Beyer L, Kolesnikov A, ef al. An image is
worth 16x16 words: Transformers for image recognition at
scale. Proceedings of the 9th International Conference on
Learning Representations. OpenReview.net, 2021.

Wang J, Yu XH, Gao YS. Feature fusion Vision Transformer
for fine-grained visual categorization. Proceedings of the
32nd British Machine Vision Conference. BMVA Press,
2021. 170.

174 A4 AR5 % Software TechniquesAlgorithm

14

17

18

20

21

22

23

24

He J, Chen JN, Liu S, et al. TransFG: A Transformer
architecture for fine-grained recognition. Proceedings of the
36th AAAI Conference on Artificial Intelligence. AAAI
Press, 2022. 852-860.

Zheng HL, Fu JL, Zha ZJ, et al. Looking for the devil in the
details: Learning trilinear attention sampling network for
fine-grained image recognition. Proceedings of the 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach: IEEE, 2019. 5007-5016.

Rao YM, Chen GY, Lu JW, et al. glounterfactual attention
learning for fine-grained visual categorization and re-
the 2021 IEEE/CVF
International \Conferefice on Computer Vision. Montreal:
IEEE, 2021. 1005-1014.

Chén Y, Bai YL, Zhang W, et al. Destruction and
construction learning for fine-grained image recognition.
Proceedings of the 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Long Beach: IEEE, 2019.
5152-5161.

Song JW, Yang RY. Feature boosting, suppression, and

identification. vProceedings of’

diversification for fine-grained visual classification.
Proceedings of the 2021 International Joint Conference on
Neural Networks (IJCNN). Shenzhen: IEEE, 2021. 1-8.
Zhang Y, Cao J, Zhang L, et al. A free lunch from ViT:
Adaptive attention multi-scale fusion Transformer for fine-
grained visual recognition. Proceedings of the 2022 IEEE
International Conference on Acoustfcs,"Speech and Signal
Processing (ICASSP). Singapore;JEEE, 2022. 3234-3238.
Zhao YF, Li Jv',‘v ChensXW, et al. Part-guided relational
Transformers for fine-grained visual recognition. IEEE
Transactions on Image Processing, 2021, 30: 9470-9481.
[doi: 10.1109/TIP.2021.3126490]

Liu XD, Wang LL, Han XG. Transformer with peak
suppression and knowledge guidance for fine-grained image
recognition. Neurocomputing, 2022, 492: 137-149. [doi: 10.
1016/j.neucom.2022.04.037]

Yu QH, Wang HY, Qiao SY, er al. K-means mask
Transformer. Proceedings of the 17th European Conference
on Computer Vision. Tel Aviv: Springer, 2022. 288-307.
Kosman E, Di Castro D. GraphVid: It only takes a few nodes
to understand a video. Proceedings of the 17th European
Conference on Computer Vision. Tel Aviv: Springer, 2022.
195-212.

Wang ZH, Wang SJ, Li HJ, et al. Graph-propagation based
correlation learning for weakly supervised fine-grained
of the 34th AAAI

image classification. Proceedings

© TEREBIK R

http://www.c-s-a.org.cn


https://doi.org/10.1016/j.patcog.2017.10.002
https://doi.org/10.1109/TIP.2021.3126490
https://doi.org/10.1016/j.neucom.2022.04.037
https://doi.org/10.1016/j.neucom.2022.04.037
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F #3533 % 5 8 1

http://www.c-s-a.org.cn

i H AR SN A

2

26

27

2

29

30

3

5

8

—_

Conference on Artificial Intelligence. New York: AAAI
Press, 2020. 12289-12296.

Zhao YF, Yan K, Huang FY, et al. Graph-based high-order
relation discovery for fine-grained recognition. Proceedings
of the 2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Nashville: IEEE, 2021. 15074-15083.
Kipf TN, Welling M. Semi-supervised classification with
graph convolutional networks. Proceedings of the S5th
International Conference on Learning Representations.
Toulon: OpenReview.net, 2017.

Lin TY, Dollar P, Girshick R, et al. Feature pyramid
networks for object detection. Proceedings of the 2017 IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu: IEEE, 2017. 936-944.

LiuZ, Lin YT, Cao Y, et al. Swin Transformer: Hierarchical
Vision Transformer using shifted windows. Proceedings of
the 2021 IEEE/CVF International Confel:ence on"“Computer
Vision. Montreal: IEEE, 2021. 9_99271'0002.

2P, B, e, A ST LRI 5
LI R 4036 HHROHL R G FE, 2021, 30(10): 232-239.
[doi: 10.15888/j.cnki.csa.008141]

Du RY, Chang DL, Bhunia AK, et al. Fine-grained visual
classification via progressive multi-granularity training of
of the
Conference on Computer Vision. Glasgow: Springer, 2020.
153-168.

Korsch D, Bodesheim P, Denzler J. End-to-end learning of

jigsaw patches. Proceedings 16th European

fisher vector encodings for part features in fine-grained
recognition. Proceedings of the 43rd DAGM German

Conference on Pattern Recognition. Bonn: Springer, 2021.

32

33

34

35

36

37

38

142-158.

Miao Z, Zhao X, Wang JB, et al. Complemental attention
multi-feature fusion network for fine-grained classification.
IEEE Signal Processing Letters, 2021, 28: 1983-1987. [doi:
10.1109/LSP.2021.3114622]

Behera A, Wharton Z, Hewage PRPG, et al. Context-aware
(CAP)
classification. Proceedings of the 35th AAAI Conference on
Artificial Intelligence. AAAI Press, 2021. 929-937.

Bera A, Wharton Z, Liu YH, et al, SR-GNN: Spatial

|
relation-aware graph neural network for fine-grained image

attentional  pooling for fine-grained visual

categorization. IEEE Transactiens on Image Processing,
2022, 31: 601.7—%031. [doi: 10.1109/T1P.2022.3205215]
Diao QS,"Jiang Y, Wen B, et al. MetaFormer: A unified meta
framework for fine-grained recognition. arXiv:2203.02751,
2022.

Zhuang PQ, Wang Y, Qiao Y. Learning attentive pairwise
interaction for fine-grained classification. Proceedings of the
34th AAAI Conference on Artificial Intelligence. New York:
AAAI Press, 2020. 13130-13137.

Korsch D, Bodesheim P, Denzler J. Classification-specific
parts for improving fine-grained visual -categorization.
Proceedings of the 41st German Conference on Pattern
Recognition. Dortmund: Springer, 2019. 62-75.

Liu H, Zhang C, Deng YJ, et al. TransIFC: Invariant cues-
aware feature concentration learning for efficient fine-
grained bird image classification. IEEE Transactions on
Multimedia, 2023. (published ‘online). [doi: 10.1109/TMM.
2023.3238548] §

(B e FhEHE)

Software TechniquesAlgorithm FXPFHE AR H7% 175

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.15888/j.cnki.csa.008141
https://doi.org/10.1109/LSP.2021.3114622
https://doi.org/10.1109/TIP.2022.3205215
https://doi.org/10.1109/TMM.2023.3238548
https://doi.org/10.1109/TMM.2023.3238548
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 引言
	2 相关工作
	2.1 基于卷积神经网络的细粒度分类
	2.2 基于ViT的细粒度分类
	2.3 基于图神经网络的细粒度分类

	3 提出方法
	3.1 动态自适应调制
	3.2 结构关系学习
	3.3 损失函数

	4 实验过程与结果分析
	4.1 数据集和实验细节
	4.2 与最先进方法比较
	4.3 消融实验及可视化

	5 结论
	参考文献

