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Abstract: Due to the dynamic monitoring capability, Distributed Acoustic Sensing (DAS) has been widely deployed in various in-
dustrial scenarios. Deep learning greatly boosts the event detection accuracy of fiber sensing systems. Nevertheless, practical en-
gineering suffers from limited labeled samples and imbalanced class distribution, which severely degrades the generalization of
deep neural networks. This paper systematically reviews state-of-the-art distributed fiber event recognition algorithms under data
scarcity. Two mainstream technical frameworks, 1. e. , data augmentation and transfer learning, are elaborated in detail. We ana-
lyze the core mechanisms, merits and technical bottlenecks of each method, and prospect future research trends, offering compre-
hensive references for follow-up investigations.
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Table 2 Literature comparison of GAN-based data augmentation methods
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