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Infrared aircraft few-shot classification method based on meta learning
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Abstract: Aiming at the problem of insufficient samples of infrared aircrafts and low accuracy of fine-grained classifica-

tion, a method of infrared aircraft few-shot classification based on meta learning is proposed. Based on meta learning

and combined with multi-scale feature fusion, this method can effectively extract commonness among different classifi-

cation tasks while reducing computation, and then classify different tasks with fine-tuning. The experiments proved that

this method could improve the classification accuracy of mini-ImageNet dataset while reducing the calculation amount

by about 70%. The accuracy of fine-grained classification for infrared aircrafts with few samples reached 92. 74%.

Key words: infrared image, fine-grained classification, few-shot learning, meta learning, multi-scale feature fusion,

fine-tuning
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S5-way 1-shot S5—way 5-shot
Method Meta—train gradient steps
Accuracy /(%) GFLOPs Accuracy /( %) GFLOPs
1 48.77+1.77 29. 85 63. 89+0. 92 49.78
2 49.63+1. 89 50. 88 63.40+0. 91 88.54
MLFC
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4 49.34x1.79 92.95 64. 04+0.91 166. 07
5 50. 13+1. 86 113.98 64. 14+0. 90 204. 83
MAML 1 46.56+1. 85 29.82 58.15+0. 95 49.73
5 48.70+1. 84 113.87 63. 11+0. 92 204. 63
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