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Abstract: Objective Inspired by the fast learning properties of humans and transfer learning, researchers have proposed a

new machine learning paradigm few-shot learning. The purpose of few-shot learning is to enable models to quickly

learn new knowledge or concepts from a limited amount of labeled data that can be used in unknown categories. Currently,
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few-shot image classification is based on the framework of meta-learning, which divides the model learning process into a
meta-training phase and a meta-testing phase. Existing solutions can be broadly classified according to the following differ-
ences in concepts: 1) optimization-based methods, the basic idea of which is to allow the model to find the parameters that
can optimize performance under the training of multiple sets of task data; 2) metric learning-based methods, whose core
idea is to construct an optimal embedding space for measuring distances so that the distance between similar samples is as
small as possible; and 3) data manipulation-based methods, which use some basic data augmentation (e. g. , rotating,
clipping, and adding noise) to increase the diversity of the training samples and the amount of data in these three main cat-
egories. However, these works tend to follow strict assumptions, such as the smoothness assumption, clustering assump-
tion, and prevalence assumption, and require that the training data and test data come from the same distribution. This
situation makes it difficult to ensure data from the same distribution setting during the training process of the model in cer-
tain real-world scenarios, such as medical imaging, military applications, and finance, where issues such as difficulty in
data access and data privacy make it challenging to use labeled data from other domains to provide a priori knowledge.
Here, an uncertainty enhancement-based domain-awareness network (UEDA) is proposed to alleviate the problem of
domain distribution bias encountered in the learning process of the few-shot model. Method The uncertainty enhancement-
based domain-awareness approach explores and extracts key knowledge from the feature channel perspective, which can be
used to mitigate domain bias. An uncertainty feature augmentation approach is first proposed, where the feature channel
contains both domain-relevant and domain-independent information, suggesting that the generalized learning of the model
may be correlated with the feature channel’ s ability to extract domain-generalized knowledge. However, most of these
works consider feature statistics to be deterministic and use additive perturbations (i. e. , swapping and interpolation) to
achieve augmentation, practices that may lead to models that are negatively affected by voluminous domain-specific infor-
mation. The uncertainty enhancement approach models the uncertainty distribution by defining the feature sufficient statis-
tics fixed value as a probabilistic representation of uncertainty obeying a Gaussian distribution with the source feature suffi-
cient statistic as the center of the distribution and the standard deviation defined as being the potential range of variation of
the probability. The new features generated by the uncertainty enhancement method can be effectively distinguished from
the source domain features. The second part of the UEDA is a domain-awareness approach. In the domain-aware module,
source and generated features are considered information from different domains and ensure that both features are within a
reasonable challenging offset by maximizing the interdomain differences. A domain discriminator is also introduced to com-
pute the correlation between each channel, and the domain information is used as a way to extract effective generalizable
knowledge. Result The cross-domain generalization performance of the proposed method was evaluated on five datasets,
namely, Mini-ImageNet, CUB, Plantae, Cropdiseases, and EuroSAT. The experiments follow single-domain generaliza-
tion, use the Mini-ImageNet dataset as the source domain and the latter four datasets as the target domains. Then, the ini-
tial findings are compared with current mainstream methods under three classification frameworks, namely, MatchingNet,
RelationNet, and the GNN. The subsequent experiments follow 5-way 1-shot and 5-way 5-shot settings on the CUB, Plan-
tae, EuroSAT, and Cropdiseases datasets, and the accuracies of the proposed UEDA are 41. 01%, 58. 78%, 38. 07% and
51.36%, respectively; under the MatchingNet classifier, 58. 37%, 80. 45%, 59.48%, and 69. 91%; and under the GNN
classifier, the accuracies of the UEDA are 49.36%, 69.65%, 38.48%, 56.49%, 68.98%, 89.11%, 64.87% and
85.29%, respectively. Comparative experimental results demonstrate that the proposed UEDA method can effectively
improve the cross-domain generalizability of the model. Furthermore, ablation experiments were conducted to validate the
effectiveness of the modules of the proposed methodology, and the results show that the modules are mutually reinforcing
and indispensable in the overall methodology. Conclusion The uncertainty enhancement-based domain-awareness network
proposed in this study allows the model to adapt to various domain offsets during the training phase and learn effective gen-
eralizable knowledge from them, thus improving cross-domain image classification with fewer samples.

Key words: image classification; cross-domain few-shot image classification; few-shot learning(FSL) ; domain generaliza-

tion; deep learning
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Fig. 1  Few shot cross-domain learning process
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Table 1 Comparative experimental results

1%

FWT 5 BSCD-FSL 1
A /Shot CUB Plantae Cropdisease EuroSAT
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
MatchingNet 35.89+0.5 51.37+0.8 32.70£0.6  46.53+0.7 57.57+0.5 73.26+0.5 54.19+0.5 67.50+0.5
+FWT 36.61+0.5 55.23+0.8 34.48+0.5 41.69+0.6 54.21+0.5 70.56+0.5 55.62+0.4 63.33+0.5
+ATA 39.65+0.4 57.53+0.4 36.42+0.4 51.05+0.4 55.57+0.5 79.28+0.4 56.44+0.5 68.83+0.4
+MRL 40.22+0.4 56.44+0.4 37.13+0.4 50.93+0.5 56.51+0.5 79.87+0.4 57.09+0.5 69.31+0.4
+A 3 41.01+0.4 58.78+0.4  38.07+0.5 51.36+0.5 58.37+0.6 80.45+0.5 59.48+0.5 69.91+0.4
RelationNet 41.27+0.4 56.77+0.4 31.23+0.3 42.71+0.3 53.58+0.4  72.86+0.4  49.08+0.4 65.56+0.4
+FWT 44.07+0.8 59.46+0.7 33.14+0.6  45.08+0.6 57.57+0.5 75.78+0.4 53.53+0.4 69.13+0.4
+ATA 43.02+0.4 59.36+0.4 33.72+0.3 45.32+0.3 61.17+0.5 78.20+0.4 55.69+0.5 71.02+0.4
+MRL 43.91+0.5 58.87+0.5 34.03+0.4  45.88+0.4 61.79+0.5 77.83+0.4 55.98+0.5 71.31+0.4
+AR3C 45.77+0.5 60.38+0.4  34.22+0.4 46.82+0.6 62.93+0.4 78.66+0.4 56.13+0.5 71.09+0.4
GNN 44.40+0.5 62.87+0.5 33.60+0.4  48.51+0.4 59.19+0.5 83.12+0.4 54.61+0.5 78.69+0.4
+FWT 45.50+0.5 64.97+0.5 32.56£0.4  49.66+0.4 60.74£0.5 87.07+0.4 55.53+0.5 78.02+0.4
+ATA 45.00+0.5 66.22+0.5 34.42+0.4 52.69+0.4 67.47+0.5 90.59+0.3 61.35+0.5 83.75+0.4
+LRP 48.29+0.5 64.44+0.5 37.49+0.4 54.46x0.5 59.23+0.5 86.15+0.4 54.99+0.5 77.14+0.4
+AFA 46.86x0.5 68.25+0.5 36.76+0.4 54.26+0.4 67.61£0.5 87.06+0.3 63.12+0.5 83.98+0.4
+MRL 48.03+0.4 68.33+0.5 36.94+0.4 54.79+0.3 66.83+0.4 88.84+0.4 63.29+0.5 85.38+0.4
+R 3L 49.36+0.3 69.65+0.6  38.48+0.4 56.49+0.3 68.98+0.4 89.11+0.3 64.87+0.4 85.29+0.4
TE I TR R TEARIIELL EA SRS R
F2 FHRHIERNHAM G AN
Table 2 Impact of the proposed framework on other approaches
1%
o CUB Plantae Cropdisease EuroSAT
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

FWT 45.50+0.5 64.97+0.5 32.56+0.4 49.66+0.4 60.74£0.5 87.07+0.4 55.53+0.5 78.02+0.4
+A3C 47.27+0.5 67.98+0.5 35.12+0.4 51.73+0.4 63.23+0.5 88.82+0.4 58.84+0.5 80.33+0.3
ATA 45.00+0.5 66.22+0.5 34.42+0.4 52.69+0.4 67.47+0.5 90.59+0.3 61.35+0.5 83.75+0.4
+A3L 46.74+0.5 68.19+0.5 35.32+0.4 54.52+0.3 68.03+0.5 90.77+0.3 62.22+0.5 84.67+0.4
AFA 46.86+0.5 68.25+0.5 36.76+0.4 54.26+0.4 67.61+0.5 87.06+0.3 63.12+0.5 83.98+0.4
+A3C 48.58+0.4 69.62+0.6 37.98+0.4 55.79+0.4 68.54+0.5 88.72+0.3 64.07+0.5 84.59+0.4
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Table 3 Ablation experiments for each part

x3 EZEBSBIHBAKLE

1%
ap CuB Plantae Cropdisease EuroSAT
Pesh 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

X X 4440:05 62.87+0.5 33.60:0.4 48.51:04 59.19+0.5 83.12:0.4  54.61:0.5  78.69+0.4
Vooox NV 4793105 68.39:04 367904  53.57:0.3  67.87+0.5 86.16:0.4  61.31:0.5  83.22+0.4
x VX 46.68:0.5 66.26:0.5 36.41:04  53.03:0.3  65.96:0.5 84.93:04  60.92:04  82.46:0.4
x vV 4936:03  69.65:0.6 38.48:0.4  56.49:0.3 68.98:0.4  89.11:0.3  64.87:0.4  85.20:0.4
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Fig. 5 Visualization of feature discrepancy( (a)baseline; (b)ours)
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Table 4 Effect of ancillary tasks on model performance

1%

CUB Plantae
Al
1-shot 5-shot 1-shot 5-shot
Heok 44.40+0.5 62.87+0.5 33.60+0.4 48.51+0.4
ARIC(FI GBS 49.27+0.3 69.83+0.6 38.27+0.4 55.95+0.3
ARSC(TCHTBIES) 49.36+0.3 69.65+0.6 38.48+0.4 56.49+0.3
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Fig. 7  Visualization of attention map
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