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Abstract

The wvarious studies of combining neural network
and hidden Markov models within a single system
are done with expectations that it may potentially
combine the advantages of both systems. With the
influence of these studies, tandem approach was
presented to use neural network as the classifier
and hidden Markov models as the decoder. In this
paper, we applied the trend information of segmental
features to tandem architecture and used posterior
probabilities, the
inputs of recognition system. The
experiments are performed on Aurora2 database to
examine the potentiality of the trend feature based

tandem architecture. The proposed method shows

which are

output of neural

network, as

the better results than the baseline system on very
low SNR environments.
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12-dim MFCC
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£ 173949 54 98 MFCC, Deltas} 9 720) da) BHY 3% 54 46l 289 4%
¥ 2
% MECC Delta Trend MFCC+ | MFCC+ MECC+ MFCC+
Xk (w=3) | Feature Delta 13 TF | Delta+Delta2 Delta+13 TF
cleanl 95,70 97.94 60.95 99.08 92.57 99.02 95.12
SNR 20 Hh9.13 93.83 51.82 93.31 82.13 94.29 89.65
SNR 15 43.23 84.80 42.68 86.49 71.63 37.60 32.93
Subway | SNR 10 27.82 61.34 32.02 71.08 53.95 73.23 67.15
SNR 5 14.25 34.51 20.23 42.59 34.02 49.62 48.79
SNR O 7.86 19.16 13.02 1790 16.49 23.89 26.68
SNR -5 7.55 12.16 10.25 9.64 7.77 10.68 14.43
clean2 95.28 98.00 60.10 98.73 93.38 99.00 96.28
SNR 20 71.16 94.50 54.81 92.90 86.49 95.10 91.08
SNR 15 5H8.98 87.94 46.64 85.97 77.78 38.72 84.95
Street SNR 10 43.95 67.29 32.56 68.50 62.24 12.55 69.38
SNR b5 29.63 39.33 21.52 44.65 44.65 46.86 49.88
SNR O 14.81 21.07 13.33 20.37 24.43 22.01 28.05
SNR -5 9.67 11.52 9.40 10.43 10.34 10.97 14.63
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