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Deep neural network based feature fusion for noise robust

speech recognition
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Abstract: We compare several feature fusion methods in this paper. Deep neural network (DNN) can greatly reduce word er-

ror rate (WER) of speech recognition in noisy environments. Based on four parameter normalization and feature extraction methods

namely cepstral mean normalization (CMN), mean variance normalization (MVN), power normalized cepstral coefficients (PNCC),

and ETSI advanced front end (AFE), we compare three fusion methods in DNN in input layer, hidden layer and output layer besides

posterior average and ROVER (Recognizer Output Voting Error Reduction) method in order to reduce WER further more. Experi-

mental results on Aurora4 task indicate that feature fusionhave some effect.

Key words: parameter normalization; robust feature; feature fusion



