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Abstract

This paper proposes a novel scheme that enhance the modulation spectrum of speech features
in noise speech recognition via non-negative matrix factorization (NMF). In the presented
approach, we apply NMF to obtain a set of non-negative basis spectra vectors which derived
from the clean speech to represent the important components for speech recognition. The
difference compared to the conventional NMF-based scheme that leverages iterative search to
update the full-band modulation spectra is two: first, we apply the orthogonal projection to
update the low sub-band modulation spectra. Second, we process the low half-band of the
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modulation spectrum rather than the full-band. The presented new process improves the
computation efficiency without the cost of degarded recognition performance. In the
Aurora-2 database and task, the presented new NMF-based approach can achieve the average
error reduction rate of over 58% relative to the baseline MFCC.
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Keywords: nonnegative matrix factorization, modulation spectrum, speech recognition, noise
robustness.
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6. A S » EAE W T iR Ay MESE P B (IR BB R ) - T RE [
JF46 NMF IS S i s aE < AR R - [EG > eI & AT
PR - FEEAIEXR ”“%/ZEEI’JE&%DF?%E%‘“ AT SR & 2 nhE R P B 2 4551
R T L R D B A [EI (5 NMF JEA SR B RE [EF £

xR~ AEFHEEERES LA SRR B R S R (MR PR (%) PR
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Padrs T SetA | SetB | SetC S AR | RR
MFCC — — | 5924156376753 | 59.75 - -
MVN — — | 7381 ] 75.02 | 7508 | 7455 |14.80]36.76
HEQ — — | 7996 | 81.74 | 8045 | 80.77 |21.02]52.22
MVA — — | 781517917 | 79.12 | 78.75 |19.00]47.21
Full =10 | 82.65 | 83.94 | 81.75 | 82.99 [23.24|57.73
T 256 =10 | 82.80 | 84.08 | 81.80 | 83.13 [23.38]58.08
NMF 170 =10 | 8255 | 83.93 | 81.88 | 8297 |23.22]57.68
128 =10 | 8224 | 83.62 | 81.40 | 82.62 [22.87]56.83
Full =10 | 82.66 | 83.82 | 81.63 | 8292 [23.17]|57.56
EIg B 256 =10 | 82.65 | 83.97 | 81.90 | 83.03 [23.28|57.84
NME
170 =10 | 82.66 | 83.90 | 81.84 | 82.99 [23.24|57.74
128 =10 | 8237 | 83.86 | 81.64 | 82.82 [23.07]57.32
Full =10 | 83.10 | 84.13 | 8222 | 83.34 [23.59|58.60
256 =10 | 82.23 | 83.57 | 81.63 | 82.65 [22.90|56.89
PCA
170 =10 | 8241 | 83.66 | 81.71 | 82.77 [23.02]57.20
128 =10 | 8249 | 83.71 | 81.73 | 82.82 [23.07]57.32
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