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Abstract: Data augmentation is an effective way to improve generalization of a deep neural network. This paper investigates

five data augmentation methods, i.e., time warping, time masking, frequency masking, random block masking, speed perturbing.

The experiments are conducted on a public Chinese dataset AISHELL-1. Compared with the baseline system, using time masking,

frequency masking, and speed perturbing together can achieve a 9.4% of character error rate relative reduction.

Key words: data augmentation; speech recognition; random time-frequency masking;



