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Task-aware Few-shot SAR Image Classification Method Based on Multi-scale Attention
Mechanism

ZHANG Rui, WANG Ziqi, LI Yang, WANG Jiabao and CHEN Yao

Command and Control Engineering College, Army Engineering University of PLA,Nanjing 210007, China
Abstract Aiming at the problem of the lack of labeled samples in SAR image classification, this paper proposes a task-aware few-
shot SAR image classification method based on multi-scale attention mechanism. In order to fully mine local features and focus on
the key local semantic patches under specific tasks,this paper introduces two effective attention mechanisms to obtain more effi-
cient and rich feature representation. First, in the feature extraction stage. the complemented squeeze-and-excitation attention
block(CSE Block) is used to focus on the salient features of different semantic parts of the original features. It can extract secon-
dary salient features from the suppressed features and merge them with the main salient features,which can obtain more efficient
and rich feature representation. Subsequently,an adaptive episodic attention block(AEA Block) is used to obtain key semantic
patches in the entire task,which can enhance the differentiated information between tasks and improve the accuracy of SAR image
classification tasks. The results show that the classification accuracy of the 5-way 1-shot task is 2. 9% higher than that of the
sub-optimal task on the SAR image classification standard MSTAR dataset. In the two tasks,the runtime of the proposed method
is the same as other metric-learning methods, without additional excessive computing resources, which verifies its effectiveness.

Keywords Multi-scale attention mechanism,Few-shot learning,SAR image classification, Metric learning
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Fig. 1 Classification accuracy of few-shot learning methods on
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Fig. 2 Framework of our method
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Table 1  Comparison of experimental results
%)
pEEE & 47 B [ /min
VRS 7k R IR Uk EAE T W 5-way 5-way 5-way 5-way
1-shot 5-shot 1-shot 5-shot
Baseline * (29 ICLR 2019 A B3 Conv64F 54, 44 83.13 0. 90 2.18
Baseline+ + * [29] ICLR 2019 # AL 4 Conv64F 59.98 86.37 5.85 15.27
SKD_Model * [30] BMVC 2021 A A Conv64F 57.92 78.39 0.48 0.52
MAML * [31] ICML 2017 T Conv64F 19. 87 60. 67 0.10 0.18
Versa* [32) ICLR 2019 TG 5 3] Conv64F 66. 96 68.01 0.72 0.76
R2D2 * [33] ICLR 2019 %3] Conv64F 63.99 68. 88 0.58 0.68
MTL * [34] CVPR 2019 T ¥ 3 Conv64F 18.13 47.07 0.08 0.10
Leo * [35] ICLR 2019 T# 3 Conv64F 36. 00 44,00 0.08 0.10
ANIL * [36] ICLR 2020 7% 3] Conv64F 20. 99 61.91 0.62 0.84
Boil * [37] ICLR2021 T ¥ 3 Conv64F 43.94 54.50 0.38 0.52
Proto_Net * [38] NIPS 2017 FEEF¥ Conv64F 39. 68 42.72 0.46 0.52
Feat *[39] CVPR 2020 EEX3 Conv64F 46.11 56. 36 0. 60 0.74
Relation Net *[15] CVPR 2018 FEE¥3 Conv64F 64. 84 77.51 0. 64 0.78
DN * L16] CVPR 2019 FEEF¥ Conv64F 67.37 85.15 0. 64 0. 80
CovaMNet * [40] AAAI 2019 EEX3 Conv64F 58.75 45.75 0. 62 0.76
ATL_Net*[9] 1JCAI 2020 EE¥ Conv64F 72.03 88. 81 0.63 0.76
MEEREERERA&M]  ZHAIEEE FHA 2022 EFEEF Conv64F 70. 50 84. 20 — —
A T7 % EEF3 Conv64F 74.93 88.57 0. 64 0. 80
T 2 PO 2 26 7R 45 5 R DR 45 2R R R 2R R IR A5 R A« [ /NRE AR 2 2 O TR BE R FE RO S MSTAR | i Il 11 45
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Table 2 Results of ablation experiment
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R i AT B ]
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1-shot 5-shot 1-shot 5-shot
BN S 74.93 88.57 0. 64 0. 80
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