rE®E I RKFFR
Fa1E FH2W J. University of Shanghai for Science and Technology Vol.47 No.2 2025

CE S :1007 — 6735(2025)02 — 0209 — 11 DOI: 10.13255/j.cnki.jusst.20240108001

ETTHEE N RARE B 525

MhiEdr, IR, I

(R TR LA B S EAL L2k, L 200093)

HE. ZEANREMEERINES T LA XEER, A TR F L ZRRMERIR, —E—
IR T FREZ G T %, ARBTEZAFIFERBEXIEER R, LR, E)GEE P M
ANTFREES, FHREEHER THRIERT kIR, tnRJEAGFIXE, R, Kk
EEFE N B THACRIM ., 458 P25 5] By AR, bl FINARE TR K & AL
BoP oS ERACH K F A, RO SR, FRAN, BB EAEARFME, SAE
CUB-200-2011. Stanford Cars ##= FGVC Aircraft £ %& £ 20T 89.8%. 95.7% #= 94.7% & 5%
MR A S Atk ok Fk AR R RO

RKER: meEBGRR; TREEN; KBHER; REZEH; FEFR
hESERS: TP391.4 XHkFRE: A

Fine-grained image recognition based on interventional attention

CHEN Jiankun, WANG Yongxiong, PAN Zhiqun

(School of Optical—Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: Attention plays a key role in fine-grained image recognition tasks. In order to make the model
pay more attention to discriminative regions, a new method based on interventional attention was
proposed to provide key clues for supervising attention to learn features. Specifically, the interventional
attention was added to the training process, and the attention mechanism was applied to the process of
data cutting and dropping to guide the model to improve the learning efficiency. At the same time, the
fused attention was applied to the feature extraction network to help the network learn more
discriminable features. In addition, label smoothing loss function and center regularization loss function

were introduced into the objective function, which effectively improved classification accuracy.
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Experimental results show that the proposed method has excellent performance, achieving 89.8%,
95.7% and 94.7% classification accuracy on CUB-200-2011, Stanford Cars and FGVC Aircraft dataset
respectively. In comparison with the other mainstream fine-grained classification algorithms, the

proposed method achieves better classification results.

Keywords: fine-grained image recognition; interventional attention; data augmentation; fused

attention; label smoothing
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Fig.1 Flow chart of the network training
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Tab.2 Performance comparison of different methods

OYFRUERHIR (%)
CUB-200-2011 Stanford Cars FGVC Aircraft

kAT

RA-CNN™Y 85.3 92.5 88.2
MA-CNN"Y  VGG19 86.5 92.8 89.9
AT 87.2 92.9 90.6
BRAN® 87.2 92.5
SnapMix™  ResNet34 87.1 94.0 92.4
AT 87.8 95.0 93.1
MAMC"” 86.2 92.8
DFL-CNN""! 87.4 93.1 91.7
NTS-Net™™” 87.5 93.9 91.4
pcL!™ 87.8 9.5 93.0
Cross-x RN 87.7 94.6 92.6
S3NE 88.5 94.7 92.8
ASD"™" 88.6 94.9 93.5
ATk 88.9 95.3 93.9
APL-Net™ 88.6 94.9 93.4
ATk Reshetl01 89.8 95.7 94.7
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Fig.6 Visualization of the input images and their enhanced images
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