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Feature enhancement based algorithm for few-shot image classification
WU Jie, ZHANG Haixiang

(School of Information Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract; Due to the limited number of labeled samples in Few—Shot Learning (FSL) , in order to avoid overfitting, the backbone
network usually has to choose a lightweight network with shallow depth and narrow width. However, the lightweight backbone
network can only extract shallow features of the image, and the adequacy of feature extraction is not enough. Therefore, this paper
proposes two methods for feature enhancement by enriching the diversity of feature extraction. Method one, the feature analysis
method combining time domain feature analysis and frequency domain feature analysis, method two, the learning method using
supervised learning and unsupervised learning coexist. The two feature enhancement methods proposed in this paper improve the
classification accuracy by 0.27% and 1.41% respectively in the 5—way 1-shot setting in few—shot learning, and 5.72% and 5.02%
respectively in the 5—way 5-shot setting.
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Fig. 1 Example of few—shot learning as an example(5—way 1-shot)
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Fig. 2 2D discrete wavelet transform method in this paper
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Fig. 4 Compares the baseline+frequency —domain—analysis model

with baseline
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Table 1 Influence of frequency domain analysis on accuracy %
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