%2358 3 M RUIATE K2R AR (TR AR M) Vol. 23 No. 3
2023 4£ 9 H JOURNAL OF NANJING NORMAL UNIVERSITY (ENGINEERING AND TECHNOLOGY EDITION) Sept, 2023

doi:10.3969/j.issn.1672-1292.2023.03.005

— R a2 R AR E T R
SwinT B4k 5 BSR4 F 31
2 2% M, ET4AR
(VLR R AR AR SRR B, 798 #30 221116)

[HE] éE*if“l”tH%ﬁ?\?’@Efr%;ﬁlMﬁ IR ) — R A3 AT 55, HOME AR 7E T An e 5 ik 2] e B A R 2 b 4k )
F IR D s B — o Y T - S R A A B BT, B T I T *ﬁ’%ﬁ Y Swin Transformer 3. 7%
SwinT-NCSA (a Swin Transformer based on a novel channel-spatial attention module ) , 3 1) M 38 i 2 1 2% [B] 2k [] i) 42
BURFE , TR FE M A3 Swin Transformer 580 i UER 5 /N RUEE v 22 S B8 0 15 A ER LR 7). SwinT-NCSA #.
TR DG TE T X543 2 % DR, [R) s Z2 00T 4320 FH 19 75 55 DX, LA T AR B2 TR 43 AT 55 v b B8 1Y
SIIEMERR. 7E FGVC Aireraft EHUEHEAE .CUB-200-2011 & 2850555 1 Stanford Cars 228 %8 42 3 A~ JL 4
A SR W], SwinT-NCSA B30T LAA3 I BT 93.3% 88.49% il 94.7% (¥ fiff 2%, A T Wl 25512

[ KA | gﬁi*ﬁfﬁ@f?ﬁ* Swin Transformer,iﬁi_—gfl‘mﬁﬂ%ff%‘?ﬁ*ﬁﬁ%,7513&?%}7 ’sgu/‘ﬁ.—%t»j
[RESHES]TPIS3 [ XEFREML A [ XEHS 1672-1292(2023)03-0036-07

A New Fine-grained Image Classification Algorithm Based on
Channel-Space Fusion Attention and SwinT

Jiang Hao, Ling Ping,Chen Cunshengbao
(School of Computer Science and Technology, Jiangsu Normal University , Xuzhou 221116, China)

Abstract : Fine-grained image classification is a major classification task in the computer vision field. Its difficulty lies in
how to automatically find the discriminant regions through category supervision information, for which this paper proposes
a novel channel-spatial fusion attention module, and based on it, designs a new Swin Transformer algorithm (a Swin
Transformer based on a novel channel-spatial attention module, SwinT-NCSA ). The proposed algorithm simultaneously
extracts features from the channel dimension and spatial dimension,and then integrates them into the Swin Transformer
model to improve the extraction ability of multi-head attention information in its small scale. The SwinT-NCSA algorithm
pays a particular focus on regions useful for classification, while ignoring background regions useless for classification,to
achieve high classification accuracy in fine-grained image classification tasks. Experiments on the FGVC Aircraft aircraft
dataset,, Caltech—UCSD Birds—200-2011 dataset and the Stanford Cars vehicle class dataset public dataset show that the
SwinT-NCSA algorithm can achieve 93.3% ,88.4% and 94.7% accuracy respectively , outperforming peer algorithms.
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Table 3 Comparison of classification accuracy of SwinT-NCSA and peer algorithms %
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