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Abstract: Events such as earthquakes, lightning, rocket launches, and explosions are accompanied by infra-
sound signals. In order to improve the monitoring capability of infrasound events, it is necessary to correctly
classify small samples of infrasound signals. For the problem of effective identification of infrasound events
with small samples and variable duration, a classification method of infrasound signals applying prototype net-
work is proposed in combination with a long and short-term memory model. The method is used to conduct
classification experiments on publicly available infrasound signal datasets and four types of infrasound signals
generated by earthquakes, explosions, lightning, and rocket re-entry collected in the field. The experimental
results show that the method simplifies the process of feature extraction and effectively solves the problem of
feature analysis of variable duration infrasound signals compared with the traditional method, and achieves
better classification results and generalization effects.
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Fig. 7 Confusion matrix of LOTIS test dataset
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