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Abstract: Robust speech recognition has an important application in human-computer interaction, smart home, voice
translation system and so on. In order to improve the speech recognition performance in complex acoustic environment
with noise and speech interference, a robust speech recognition algorithm based on binaural speech separation and
missing data technique is proposed in this paper. First, according to the azimuth of the target sound source, the algorithm
separates the mixed data in the sub-bands of equivalent rectangular bandwidth (ERB), and obtains the data flow of the
target sound source. Then, in order to solve the problem that the target source loses spectral data in some ERB sub-bands,
the probability calculation based on hidden Markov model is modified by using the missing data technique, and finally
the reconstructed spectrum data is utilized for speech recognition. The simulation results show that the proposed algo-
rithm can improve the performance of speech recognition in complex acoustic environment, because the influence of
noise and interference on the target sound source data is neglected after binaural speech separation.
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binaural speech separation and missing data technique
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noise environment
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